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1 Introduction

1.1 Obijectives

WP7, the System Supervision and Strategies work packagencerned with the determi-
nation, and indication, of the optimal overall approachti@idg at the most structurally
abstract levels of the perception-action hierarchy. Wihilepossible to specify certain of
these strategies in advance (for instance, via a formaéseptation of the official High-
way Code in first-order logic), it is necessary to establistompletecognitive model
of intentionality with respect to which the Highway Code das considered to act as a
constraint.

Both intentions and driving rules must be thus expresseefing of the corresponding
perceptual entities, albeit described in structural teffmisexample, traffic light states).
The strategy induction system must consequently be capélolerrelating the represen-
tative hierarchy with the induction of driving rule protdsoln this respect, the derivation
of human driving strategies is a direct continuation of tHBPIIECS cognitive bootstrap-
ping architecture, albeit in structural terms. It must thasapable of reconciling abstract
deduction with pre-symbolic input presented by the varidetectors generated in other
work packages; in other words, it must address the issuegnatba grounding([B] and
symbol tethering(]7].

In the context of its practical application, the systemiagdrom WP7 must thus, as
its central mode of operation, be able to infer the curreivirty strategy adopted by the
driver based on the external visual scene and the driveggiions with respect to it. The
system must hence be able to correlate motor and signalsingth the visual features
employed by the driver determined via eye-tracking in refato the detected features of
the external driving scerfk

Deliverable D7.1 thus aims to collate human driving striee formalised, protocol-
expressible-terms, via perceptual entities of the appatgtevel. To do this we employ
the ECOM model developed by ARMINES. The delivered systemtriurther be capable
of ascending and descending the formalised represersati@rarchy as required by the
driving context. Hence, any visual features present todhedrd camera must be capable
of being fed through the full perceptual hierarchy until ghilevel scene representation
is reached that is encompassed by a recognised drivinggmlotd his is, to an extent,
an interfacing and quality-control endeavour, ensurirgg #my redundancies, incomplete-

Findings from experimental psycholody [4[5, 6] suggest #tintion within dynamic complex scenes
relates primarily to scene transitions. Coherence Théfipflicates that if perception forms coherent scene
representations, they must bietual representations, such that it only appears to higher degnévels as
if all objects simultaneously have coherent representatjB]. The idea of static, coherent world models is
hence replaced by that of a dynamic representation sengitiask-demands and observer-expectations

Page 342



ICT —215078 — DIPLECS DIPLECS Deliverable D7.1

nesses or contradictions in the protocol-relevant scesergptors are resolved in order
to produce an intentional representation that is condigteamy circumstances, given the
potential safety cost associated with inducing no ovetedtagy.

It is hence a bottom-up process, in so far is it concerns #lgiestablishing spatio-
temporal consistency in the detected features. Howevisraiso potentially a top-down
process in that the global consistency checks on the basislbtietermined prior knowl-
edge also have the possibility of reweighting and respewfyetector inputs. It ought
thus be possible to establish that a particular detectorirfgiance, a 'stop’ sign detec-
tor) is inaccurate or faulty on the basis of global sceneexinor that (in full bootstrap
mode) two individually detected components of a sign (fetance a circle and a number
from a speed limit sign) are in fact part of the same entity lza lhasis of their logical
co-dependency. For the current system we address the feapability under simulated
detector failure conditions.

D7.1 is thus a proof-of concept prototype system for the diddeiimplementation of
formalised strategies, and for the top-down bootstrappfragsociated logical representa-
tions.

D7.1 thus consists of four distinct modules (reflected indékneation of the remain-
ing sections):

1. An intentional annotation system (for ground-truthing r@finiing data in terms of
the ECOM model).

2. An atemporal, context-free intentional learning systeaséal on decision trees for
determiningnstantaneouslause-like decision rules).

3. A Highway Code & ECOM based logical deduction system (foed®ining long-
rangea priori logical consistency classes of decision tree outputs).

4. A top-down feature respecification module (for re-weigbtfeature detectors on
the basis of global logical consistency).

For this proof of concept system, all data is ground truth&l anly simulated exper-
imental noise. The later deliverable D7.2 will addressitu functionality.

Ultimately, the system will be able to parse the differeneengen the computer vi-
sion representation of the world and the inferred cogniteresentation of world of the
DIPLECS-car driver with respect to inferred driving intiemtin order to generate appro-
priate warnings.

eg 'you're attempting to turn the wrong way down one-wayetdire

We thus work on the assumption that inappropriate Reggjé#lanitoring-level ECOM
intentions are all validly critiquable (being high-levehplicitly conceptual intentions),
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while inappropriate Tracking-level ECOM intentions (edtog too close to the driver
ahead) are not. This is consistent with road safety findimgedower-level errors gener-
ally require instantaneous responses, and any verbaliaadng would be unhelpful (eg
'you're getting too close to the car in front’), and could v dangerously distracting. It
is only at the higher ECOM levels that such warnings would $e&ful, when there is time
to process the input and formulate a response.

1.2 Approach to System Construction

The distinct components of Deliverable D7.1 are construttehe following order:

1. We firstly formalise and render mutually-consistent thghway Code and ECOM
models as a list of rules intermediate between first ordec lgd the English-based terms
in which they were first formalised. We then compile a compretive list of low-level
predicates relating to the ECOM model of Regulating/Manitgintentions and the corre-
sponding highway-code-derived world-model. These witrelate with the various pos-
sible detector inputs (ie they will relate to visual feagjrsignal inputs, motor inputs and
gaze positions).

2. We then build all relevara priori hierarchicalpredication and constraints in terms
of PROLOG-based first order logical clauses describing t6®OH and Highway Code
models. For example, the hierarchical relation betweea &rd road occupancy can be
formulated:

Vn In_Lane(n, car;) => In_Road(car;)

3. We next obtain ground truth per-frame data for all of the-level predicates. For
this purpose, we select junction scenarios as constittiti@gnost complete exemplars of
ECOM intentionality with their conditional logic dependses (for example, on traffic-
light states). Cross roads, in particular, act as a supefsdt other road junction situa-
tions, with their exhaustive pathing options. World antiotais conducted via machine-
learning techniques, while intentional annotation isiegrout by human experts via the
interface with ARMINES, and manually correlated with theaniae-learning output as a
quality control measure.

4. We then extend the annotation to all of the intermediatehagh-level predication
by application of the rules determined in stage 2, giving ts a per-frame binary fea-
ture vector of scene and intentional descriptors at pregrely abstracted levels of the
representational hierarchy.
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5. Through the application of decision-trees to the aboamitig-data, we obtain
unordered/context-free association rules for deterrgimitentional classes and sub-classes
given the signalling/motor/feature inputs.

6. We then employ an online PROLOG-based system to perfoduatiee logical
implication with respect to the ECOM & Highway code modelnder to consistency-
check spatio-temporal compositions of intentional clasgi¢h respect ta priori environ-
mental/intentional rules. We thus optimise the per-frareeigsion-tree in terms of global
context.

7. We finally asses the top-down potential of the system tibpmarautonomous pred-
icate respecification by reweighting feature-detectoliadicated on the basis of global
logical consistency. We thereby complete the cognitivetstoapping loop.

1.3 Context of Deliverable D7.1 within WP7

The current deliverable arises from work of WP 7.1 (Deteation of human strategies
and corresponding symbolic representations) and WP7.@u&imn of Appropriate strat-
egy for any given situation).

Completion of WP 7.2 essentially requires the implemeatatif the ECOM control
hierarchy in logical terms (with tracking and regulatintgintions appropriately modelled)
in a manner consistent with the relevant highway code subset

Crucial to this approach is the interface with ARMINES, gding both the psycho-
logical annotation categories within the intentional hrehy, as well as the annotation
itself. Through this collaboration within DIPLECS, we ateu$ able to transfer knowl-
edge from psychology to the technical system specificatiamgoncrete fashion. This is
very much an interactive process, and one that we anticipiditbe ongoing throughout
the project.

We can thus envisage WP 7.1 as a specifying a set of classifigatoblems relating
to driver intentionality, which then becomes an output #etion (with an appropriate
degree of logical closure and consistency checking) in WP This is reflected in our
two-tiered approach to machine learning in the currentvdedible: in essence, the deci-
sion tree learning captures the contingent correlatiowéen driver inputs/world states
and the ECOM intentions, while the logic system definesahmiori correlation. The
combination of the two effectively allows us to ensure tHadteact symbolic entities are
properly grounded in the noisy detector inputs.

Deliverable D7.1 (in which intention is deduced from thereunt situation and the
gaze, signalling & control behaviour) hence constituteso@fpof-concept demonstration
operating in certain constrained scenarios, which willenthe capacity to be built-upon

Page @42



ICT —215078 — DIPLECS DIPLECS Deliverable D7.1

as the project progresses (ie a 'prototype’ bootstrapegiydibgical representation system
will be presented at month 18 in accordance with the TechAicaex).

The deliverable D7.2 will be a logically-complete and cetesntin situinduction/deduction
system.

2 Work Details: Part 1 - Annotation Specification and
Implementation

The ECOM model consist of four layers of control (or concatr®ops), only three of
which are appropriate to DIPLECS: Monitoring, Regulatingr&acking. For the current
purposes, we adopt the principle that Tracking level behavinanages the continuous
activity undertaken to keep the vehicle within a specifiscdite conceptual configuration
(eg car-order within a lane). From a driver’s perspectiveférs to minor modifications
of car speed, direction of car, intended distance from théxdaont or back, or the lateral
position on the road. In the case of an experienced driveethetions are predominantly
a matter of physical reflex without high-level consciousiation. (However, in the case of
an inexperienced driver these Tracking behaviours mayesealoly be enacted at the Reg-
ulating level). Regulating intentions hence provide aruirtp the Tracking control-loop
to perform a specific, high-way code relevant action, e.gighmg lane. Other regulating
intentions include intentionally stopping and turninghtiieft at a junction, and as such
can, where necessary, be linked hierarchically.

2.1 Parallels between the Highway Code & ECOM models

The UK highway code formalises the interface between diiventionality and the phys-
ical world. As all legal drivers must be aware of it, it can mnsidered as constituting
ana priori link between the two. As such, it delineates certain coecegitities in both
domains.

In particular, physical entities deemed relevant by thé gy code include: all road
using entities (pedestrians, cars, bicycles atlgtive orientations, velocities, and lane-
positions of these entities, absolute velocities and tateans of these entities (ie relative
to the road); all signals made by these entities; all sighgradfic signal entities (traf-
fic lights etc, independently of state); all traffic signaltss (red light, amber light etc);
all road markings (including lane/road-dividers/painsgghs); all junctions (cross-roads,
t-junctions, roundabouts). There are also two more germrgsical entities: Country
driving areas and Residential driving areas.
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Figure 8; The extendad control model,

Figure 1: ECOM model layers

Rule 159: Check the blind spot before
moving off

Figure 2: Example Highway Code rule

Cognitive entities/states deemed relevant by the high-eeale include, at the lower-
level, the proximal object of attention and the directioratiéntion (eg whether the driver
looks behind before changing lane). High-level cognitiméitees include immediate in-
tentions (Stopping at Junction, Turning Left at Junctiar) end situational anticipations
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(assumptions about what other road users intentions ategwrthe road situation will
change).

As such, the Highway code strongly correlates with certaels of the ECOM model
developed at ARMINES - in particular: Monitoring, Trackiagd Regulating. Regulating
intentions (Stopping at Junction, Turning Left at Juncetr) are relatively few in number
and relate to those concretely-formed intentions of whietane aware and can communi-
cate, but which are free of navigational assumptions (bgutigumed by them). These are
therefore typically the intentions that we formulate iratedn to road signs and signals.

Tracking-level cognitive entities on the other hand (egpheximity/direction of ob-
ject of attention) are required in low-level perceptioni@t for maintaining the current
configuration (eg maintaining separation and lane-pasgitilm general, once we are pro-
ficient at these tasks, we do not have a strong awarenessioféh&on to carry them out.
However, being subsumptively related to the higher interstj they are implicit within
these more conscious acts.

Intentionality is thus evidenced in the current work thrbwlgiver motor inputs and its
correlation with eye-gaze (thus defining a perceptioneactiycle). Beyond our employ-
ment of the ECOM model, we do not, however, make any strongitieg claims about
the cognitive nature of conscious intentionality.

Approximately paralleling this ECOM-based subsumpticeraichy [1], there is also
to be found a hierarchical structuring of the driver’s reqgr@ation of the world implicit in
the Highway code. For instance, associated with the MangéRegulating ECOM levels,
the Highway code assumes the existence of ordered setsndgifamie structure (defining
the cross-section of the road orthogonal to direction ofeiia topological connectives
defining the junction types (cross-road, t-junction, raaimolt), topological label spaces
defining the location of the key road-signs and traffic signahd temporal topological
label attribute sets (defining eg the traffic light staies! — amber — green]). At
the Tracking level, there are the car-relative and roaaliked Cartesian vector-spaces of
road users, along with their velocity attributes. In fatte fpresence of Cartesian-like
spaces within the Highway code hierarchy can be treated e euit off within DIPLECS,
determining whether structural or stochastic methodsterenost appropriate.

The objective for the logical deduction system embodyingagbriori knowledge is
therefore to combine the ECOM model of Tracking, Monitorargd Regulating with the
high-level representational structures implicit in thghway code in order to build a com-
plete, syntactically-closed logical model of road activiiAt the same time, we aim to
allow maximum scope for the active bootstrapping of novéidro-up representations.

Note that an intention-based logical implementation ofried situation potentially
implies parallel treatment between the DIPLECS car androtébicles. While we have
more direct access to the DIPLECS car driver’s intentiap&iia gaze measurements that
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relate to external behaviours, we must infer other drivietentional states purely from
their external behaviour. The relationship between theuarrepresentations (and repre-
sentations of representations) is given in figdre 3. Mogtigfcomplexity will be managed
internally via the logic system in its final iteration.

Division of Driving Activities
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Figure 3: Relation between the various representations

2.2 Division of Video Annotation Protocols

In approaching the mapping of the ECOM model onto the higi-ezale-relevant entities,
we focus exclusively on providing per-frame RegulatingfiMoring Level ground-truth
information (this being most appropriate to the logicaliotion undertaken by WP7), with
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Tracking-level behaviour (slowing, accelerating, cdleiwing, maintaining lane position)
treated as a potential classifier input at a later stage.

As well as the Tracking verses Regulating/Monitoring catgglistinction, another
essential category distinction implicit in the groundttrannotation of the junction sce-
narios chosen for annotation will be 'ground-plane’ verseswv-plane’ high-level scene
description. This distinction encompasses the notionwaare not concerned with the
absolute position and orientation of certain indicatotdess, such as sign and lights, but
only with the fact that they can be seen and relate to certaid lanes. They are therefore
bounded in the view plane. Other indicator entities, sualmad-arrows and lane-markers
are intrinsically positional in their relation the worldiéiconsequently their outlines are
considered as bounded with respect to the ground plane.

This is illustrated in fig[K.

Making this category distinction enables the direct cauplbf computer-vision enti-
ties with cognitive intentionality (deduced via controldasignal inputs, as well as gaze-
behaviour) in a manner directly congruent with the ECOMnititen/control model as in-
terpreted above. Gaze behaviour is hence characterisedpenframe basis, via logical-
entity (eg sign, traffic-light) bounding-box transitionstlwn both the ground-plane and
view-planes. (More complex behaviour depending on dweletcharacteristics within
the ground-plane and view-plane bounding boxes can thusdoelied later if required).

Per-frame annotation of the mobile ground plane entitiass(@edestrians) and static
indicators (signs, lights) is undertaken via manual plaeetof bounding boxes. However,
The propagation of junction topologies and zones througth@wyideo footage in order to
establish correlations with the gaze direction cannot éatéd in this way, and a special
tool is required for reliable ground-plane bounding boggagation.

2.3 Creation of Tool for Projective Ground-Plane Tracking

The ground-plane tracking tool for propagating key groptahe entities was found to be
most effectively accomplished via the following five-stagethodology:

1. Temporally aggregate LIDAR Data to give an approximaterskgtion of junction-
outlines within inner-urban areas (cf fijy 5).

2. Histogram and drift Correct aggregate LIDAR data to furttistinguish road outline
and differentiate it from traffic-trajectory noise (cf fify. 6)
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e Video Editing in Junction Scenarios
note each distinct, temporally—contigous entity has an individual label
—note identification of ground plane
—numbers are anticlockwise from DIPLECS car’s road (- 4 roads at cross-road, not 2)
- idea is to interface between image plane (where gaze direction is recorded) and road plane (environment)'

Traffic_light_number_1_attributes[red=1, amber=1, green=

Tréfficﬁlight_ngmber 2_attributes
[red=NUL, amber=NULL, green=NULL]

L-hand-ingoing_line_2[XINVASX2ly 285} Vehiele Pounding boxes
defiRed by segmentation eXtféinities
Filled circles indicate

segmented car centroid

Centre_line_2[x1,y1%2, y2i-%

Sign_number_1[sign_class=3]
Hollow circles indicate box cef

Edge _1_2[x1,y1,x2,x3,y3...]

In lane marking bounding box
—-note in—roadplane tracking
ie tracking—box is defined relative

to lane markers
- lane areas are CLOSED POLYGONS
in roadplane

Car bounding box has corner [dx,dy] rescaling attributes as well as [x,y] positional attributes ie Car_number_1_box[x1,y1,x2,y2,y3,y4,dx1,dy1,dx2,dy2,dx3,dy3,dx4,dy
- similarly for sign/road—-marking/traffic-light bounding boxes

(note that a null is returned for the relevent corner attribute when occlusion occurs ie Car_number_1_box(x1,y1, Null, Null, x3,y3 ... ) —segmented centroid is as obse
Car itself has signalling attributes ie Car_number_1_attribute[left-indicator=0, right-indicator=1, brake-indicator=1] and a (road-relative) orientation estimation
DIPLECS car also has motor—control attributes —ie Car_number_0_motor_input[ steer ing-wheel-position=-3, break-intensity=5, break—-foot-hovering=1], also gaz
(DIPLECS car is always number 0 and has NULL bounding box attributes)

Figure 4: Ground plane and View plane annotation
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Figure 5: Temporal aggregation of LIDAR Data

3. Edge-detect and Hough Transform histogram with high amgulppression to obtain
predominating road vectors. That is, we obtain a Canny edtgeted image such that for
intensity values with coordinatés,, y,) in the image plane, and Hough intensiiyr, 0)
defined via the mapping:

r(0) = x¢ - cosd + 1o - sin 6 (1)

we apply a selection criterion such that the top two line cdetes (ie highest density bins)
are subject to the constraint that they ar80° apart in the) ordinal ie:

{(r1,01), (ra,05)} : argmax H(ry,6,) + H(re,0) s.t. |1y — | > 30° (2)

71,01,72,02

This is illustrated in fig17.

4. Fit junction topology and pedestrian-crossing/lane stnecto{(r, 6,), (r2, 62)} on the
basis ora priori knowledge of their absolute number (but not scale or ortearta (cf fig
and?®).
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Figure 6: Histogram/drift Correction of aggregate LIDARala

5. Application of approximate view-plane transformation main order to project the
junction topology into screen frame for further small-scadljustments of car-height/camera
orientation etc. This idea as illustrated in the frame saqe®f figure§10 th12.

The outputs of the above process are then the projectedgarene bounding boxes
on the driver’'s view plane, along with the per-frame gazeupencies of these entities.
These are then added to the view-plane bounding-box amorotat

This data can then be utilised to formulate the appropriaidehof attention via the
research-interface with ARMINES, and to establish intamdi correlations such that gaze
can be mapped onto the symbolic-logical visual categotiaffi¢C-light states, signs etc).

2.4 Expert Annotation of Intentional States

The intentional states are expert annotated along thedifitbe ANVIL annotation model
used in WP6. This one-dimensional, temporal annotatioaset on the observed context
and the pre-existing partial rule formulations, based enetmpirically-motivated psycho-
logical model (cf fig_IB).
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Figure 7: Edge-detect and Hough Transform histogram

There is hence the potential for disparities to exist betvtbe human annotation and
the later explicit formalisation of ECOM in first-order lagil terms. That is, we allow the
possibility for expert intuition to be more valid than thgdrased formulation.

Once this is done per-frame for all ECOM levels, and gaze kas Imapped onto the
symbolic-logical visual categories (traffic light statds)evia bounding box occupancy
tests, the composite data serves as a training set for farektestage, in which intention
is deduced from gaze, signalling & control behaviour withpect to the changing road
configuration.

Outputs are thus the lane bounding box labels with per-frgaze occupancies: these
are supplemented with car/pedestrian lane occupancietharidtentional states arising
from the ARMINES annotations, giving all per-frame Monitay/Regulating-Level infor-
mation.
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Figure 8: Fit junction topology

3 Work Details: Part 2 - Context-Free Machine Learning

A number of inner-urban junction scenarios within Datasete8e selected for ground-
truth annotation on the basis of their provision of goodhy&aIDAR data, and exempli-

fication of the Regulating and Monitoring intentions of th€ @M control model, along

with their conditional logic dependencies on environmeatdities such as traffic lights
and signs.

In the current experiment, 6 cross-road traversing scesarie considered, consisting
of 2 cases each of left-turning, right-turning, and 'sthatgver’ junction traverses. This
set is a nearly maximally complex representation of theiwlgisituation, in the sense
that it is selected to effectively exhaust to all possiblenftiguration-changing’ driving
scenarios: that is, all other driving situations (lane &) roundabout-traverses, etc) can
be considered degenerate instances of these cases.

Individual levels of the ECOM hierarchi;, are considered to be mutually temporally
exclusive; individual levels, however, may be simultarsdpoperative. (More generalized
levels at the top of the hierarchy will tend to be operativeravlonger period of time than
sub-level intentions). We thus see that the intentionadsifecation problem is one of
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Figure 9: Fit pedestrian-crossing/lane structure

simultaneous categorization of the unique itérapplicable within each level (with the
inclusion of a null item if necessary). l.e., for the totaldf individual frames we need to
solve the mapping problem:

VI, X —i': 1 = argmax {p(i"|X)} (3)

(X being the feature vector).
Note that there is, in general, a strong downward dependamongst levels ie:

P(i,|u,,, X) # P(i,| X)P(i,, | X) if m >n (4)

Building a robust and locally self-consistent inferencsteygn means being able to
accommodate potentially inconsistent information at atytiary level of the hierarchy.
Resolving inconsistency ideally means determining thenitibnal class attributions all
the way down to the lowest level of the hierarchy (where, inagal, consistency is likely
to be weakest, given the abundance of perceptual attris)tio

Ultimately this relationality will be determined via thedirorder deductive process
applied to the feature vectors; the initial acontextualrapph treats individual levels as

m
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Figure 10: Project the junction topology into screen frate (

Figure 11: Project the junction topology into screen frale (

distinct classification problems in their own right.
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Figure 12: Project the junction topology into screen fraBe (

INITIAL IMPLEMENTATION OF HIERARCHICAL ECOM INTENTIONAL MODEL

Task

Environmental Condition

Driver Perceptual Condit|

on Ordered Sub Tasks

Environmental Condition

Driver Perceptual Conditi

Turn Left

At T junction OR at Xroad

Identified Junction

1. Stop
2. Set Indicator
3a. Attain Higher Speed

3b. Turn
5. Stop

6. Attain higher speed

7. Getin lane

Red light ahead
If no in-lane direction signs

Sub task 1. has taken place
Car has not yet reached spe
any vehicle in front
(Tracking sub-sub task)

If traversed lane will not be
clear during manouver

Sub task 5. has taken place
AND traversed lane will be
clear during manouver

If over threshold of left hand
road

ed of

Spotted red light
No In—lane signs spotted
Intentionally stopped

Has looked left
Has seen car in traverse|

Intentionally stopped

Turn Righ|

etc

At T junction OR at Xrog

etc

d Identified Junction

etc

etc

However, we seek to migrate relational descriptors dowhéedf¢ature level as far as
possible so as to avoid implementing a recursive deductaegss at the logic level (which
can lead to overlong computation times for iansitu system. We thus seek to provide
a maximally populatedhierarchical feature domain in which ECOM-like behavioas c

Figure 13: Initial ECOM formulation
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be more rapidly determined by standard pattern-recogndjgproaches. To this end, as
a proxy for metric-temporal logic, we include an additiobalary featureX; for each
standard featuré(; activated at time, such that:

Vi>t.—1: X=X, if ([Vt. <t: X, =0] & [X;, > 0]) else X] =0 (5)

We also generate a full hierarchy of binary features so tbatnstance gaze attention
directed at a particular lane also includes the road thatagoit, and the junction that
contains the road, etc (cf figll4).

numbering lanes from centre

(gives Eath continuity eg DI_n —> OI_n)

CrOSS_Road (Junction Labelling is relative to Driver)

Lane Predicates
Lane Labels 0o12 | oin 0011 002 O (Opposite side)
I I
| | Path Options
L2 ro et R
’ o L[l 777777777777777777 RI1
L (Left-hand side) R (Right-hand side
LO1 RO1
LO2 RO2
BASE PREDICATES: | | T
Oln, 00N, Lin, LON, Rin, ROn, 00N, OIn (n=1,2) | | n .~
Path(012,002) = .True. ! ! DIPLECS Car
Path(0I12,012) = .False. ... etc ... | |
Lane_Location(Diplecs_Car, OI2) = .True. DO2DO1| DI1 | DI2
I I
D (Driver’s side)

Outbound  Inbound
Lane(O) Lane (1)

Figure 14: Junction composition

There are also more generalized hierarchical featuresasichiver-ward’, ’leftward’,
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and so on, to allow for the possibility of more coarse-grdingations to be captured by
the classification process.

Thus the learned ECOM classifiers can use the representatiamm hierarchy as re-
quired when presented with attentional behavior locateattaitrary points within it (ie
useful deduction need not proceed on the basis of havingnelsta consistent cluster of
maximally-specific predications about the environment)this way, para-consistencies
can be more readily accommodated. (Other work undertakenpport of the develop-
ment of this notion of cognitive bootstrapping is detailedd] and [9]).

We hence obtain a logical feature vector of 772 descriptmreéch frame of data (cf
fig Q).

per—frame hierarchy of logical attributes _

frame number

Figure 15: logical feature vector

We use a decision-tree algorithm for classification on trsesaat it’s readily-interpretable
results. In particular, it has the characteristic of defjnéndecision rule that is directly
translatable into first-order logic.

We use leave-one-out cross-validation to test the acamdexiassifiers. Trees are
pruned by via iterative removal of non-leaf nodes and peréorce testing. This results in
an average per-level accuracy of of between 9.1 and 30.1@meon the ground truthed
data (we omit the first level "Traverse junction’ intentiositaere are no negative examples
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the intentional hierarchy (cf Table 1). Full descriptiontloé intentional levels is given in
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Table 1: Percentage misclassification rates for each soenar

Level

abrh wnN

Straighton 1
0
10.27+ 0.072
15.38+ 0.063
16.30+ 0.066

Straight on 2
0
17.074+ 0.15
17.07+ 0.15
19.89+ 0.079

Leftturn 1
0
9.10+ 0.064
14.13+ 0.067
16.81+ 0.067

Left turn 2
0
7.16+ 0.043
11.29+ 0.028
11.29+ 0.024

Right turn 1
0
29.88+ 0.166
30.16+ 0.168
25.714+ 0.077

Right turn 2
0
7.48+ 0.046
10.56+ 0.035
12.40+ 0.041

Decision trees for ECOM levels 2 to 5 are depicted inffigs 16E8.s

/i |
N/
9

Tme-dil = 0.5

Tobj—drivarward < 0.5

Tobs—ri2 = 0.5

Tobs-rol < 0.5

P

TDbE—Ighi—di—{i.ng

a Gosém on 1. Tum left 1. Turn left 2. T}1 right

Figure 16: Level 2 decision tree

\

umfll'eq't 2. TL.IH right

2. Turn right

4 Work Details: Part 3 Logic Infrastructure Construc-

tion

The deductive logic system extends the above intentiortatten system to accommo-
date rule-like behaviours relating to Highway-code basgghtional configuration changes
that cannot be fully captured by stochastic correlation.
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Tma-na < 0.5

me-lafbwards = 0.5 h-me-inboad < 0.5

1. Junction approach2. Traverse neulral area 3. Exil junction 2. Traverse neutral area

Figure 17: Level 3 decision tree

obj-lofpad) < 0.5
/

T°El?a'f |42 kj chrgs

Tobj-dl < 0.5

E. Continue traverse

Tobs—oifpad) ‘£'§I0w1 " red ligh Brake = 5e-05

zh juic prev-obj-oile= A3 % 1ravelﬁeWaﬂ.4¢Hm£ﬁdj¥dtrga gresn

i obs—-ol < 0.5 GazeY < 0.00015

obs-oi2 = {4ETh—obs—| akgjcﬁaar_&ﬁlﬁ}!g;ryoj

dralsreaxit triclory

Figure 18: Level 4 decision tree

When placed in situ (the requirement of the next delivenalttes activity of the logi-
cal infrastructure within the strategy/supervision systell threefold; in the most typical
mode of operation, the system will construct a logicallysistent world-model from the
computer-vision system’s input and use the conditionakddpncies from the driver’s
gaze, signal and control inputs to determine the operatitention and sub-intention of
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Figure 19: Level 5 decision tree

the ECOM model at any given time. However, the clause stradgibe designed such
that a reverse mode of operation will also be possible, irciviaorld-modelling is con-
strained via the conditional dependencies on the actiemiitn (so that, for instance, the
unambiguous use of a left-indicator might help to resolvambiguous visual T-junction
detection). These dependencies of the system within therdMPLECS context are de-
picted in figure§ 20 t§24. The third aspect of the system velkiee determination of
appropriate warnings for a given world-model deduction layybthesised intention.

Thus, in general we will expect the system to receive synshiofiut at arbitrary levels
of the visual hierarchy (for instance, a car might be detkatea T-junction, without any
corresponding detection of the junction’s structure oelaccupancy), as well as at the
various levels of the ECOM hierarchy via the associatioesulThe deductive module
will act to determine the self-consistency of these hypsith® generate a logical MAP
estimate of the environment and intention, paralleling@BheLECS philosophy of only
generating fully self-consistent (as opposed to locallypara-consistent) environment
representations at the apex of the perception-actionralera

The resulting logical system will ultimately be capable aterfacing with WP4, as-
sisting with the identification of visual symbols on the Isasi the logical deductions and
vice-versa, with this top-down/bottom-up flexibility of mditional specification of out-
puts constituting a 'cognitive bootstrap’. (Thgriori logical framework will hence allow
maximum scope for formation of novel representations).
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WP7

ROAD RULES/
FLAGGABLE VIOLATIONS

—= WARNING SYSTEM/PARSER - logic?

REGULATING INTENTION
WARNING SYSTEM

Computer

Vision LIDAR

WpP7

INTENTIONAL ANNOTATOR

PREDICATES:
Task

Subtask

Intended Future
World Configuration
World Configuration

WORLD PREDICATE GENERATION

(Fuzzy Signals —> Symbols)

B

Predicates Referring|to External Intentions
ie other Drivers (by g¢xtention of DIPLECS

WP4

USUAL SITUATION
ECOM MODEL
PREDICATED

ON WORLD STATE

ie want to obtain
P(INTENTION | WORLD)

Driver’s Intentional Model)

LOGIC $YSTEM

A PRIORI LOGIC

WORLD ECOM

LOGICAL DEDUCTION
A ¥V

PREDICATE INDUCTION

DIPLECS Deliverable D7.1

Control

Inputs Gaze Signalling

DIPLECS CAR DRIVER
INTENTIONAL PREDICATE GENERATION

(Fuzzy Signals —> Symbols)

WP7/WP6
WP6 - tracking level intention:

Figure 20: Usual situation: Intentional model predicatad/dorld Model

Predicate/rule implementation may be subject to modificatin the outcome of at-
tempts to ascend the annotation/classification classditaierarchy (e.g. if it transpires

that the visual detectors cannot differentiate individeeds from individual pedestrians,
but can differentiate the logically-coarse category ohdeaisers’ from the logically-coarse

category of 'non-road users’, then the predicate-spetificavould need to reflect this.
Ideally, such predicate respecification would be carriedaatiomatically; however, this
constitutes a very ambitious goal for WP7, and the final destrator will not be depen-

dant on this).
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INTENTIONAL LOGICAL DEDUCTION ON ECOM PATH
PREDICATES
CURRENT K

WORLD
STATE PREDICATES
ECOM MODEL |—=]| prob(TASK)
INFERERENCE
PREVIOUS
WORLD \
STATES W_T: prob(SUBTASK | TASK)
T=t_current,
t_current-1,
t:current—n

prob(INTENDED FUTURE WORLD STATES | SUBTASK, TASK):
T=t_current,
t_current+1,

t_current+m

Figure 21: Dependencies in usual situation

For the present deliverable we focus on the issue of gloladébconsistency of pred-
icates, and proof-of-concept demonstration of the paéfdr cognitive bootstrapping in
terms of the re-weighting of feature detectors on the bddisi®consistency.

We build the system initially in first-order predicate loguith a priori logical pred-
ication applied via a top-down approach, starting with thestrgeneral world predicates
and clauses. Hierarchical relations at this world-desiomdevel are thus defined via the
application of simple priori rules wherever possible: for instance, a pathing clauge lin
ing all in-bound roads to all out-bound roads. The dedudiygem is hence coded in
SWI PROLOG with a recursive predicate structure designeddgimally assist debug-
ging and code-base expandability. This is briefly explaineldw for the purely physical
(ie topological) aspects of junction logical description.

4.1 Details of Deductive Logical Highway Code Implementatn

The junction predicates are defined hierarchically aswto

1. We start with the most general predicate "JUNCTION”, haviogr distinct sub-

predicates deriving from their constituent road topoleglefined relative to the driver for
maximum generalisability (i.e. Cross-Road, Left-stem#iigdnction, Right-stemmed-T-
junction, Symmetric-T-junction). Straight roads are tegbas junction connectives (irre-
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Figure 22: Reverse situation: World model predicated oaritibnal Model

spective of length).

2. The predicate "ROAD” is of four different sub-types accoglito coarse-grained
angular-orientation in relation to the driver (of the DIRCE car, though with extensibility
to other drivers).

3. Eachroad has one or two LANE-DIRECTION predicates drawmftioe set{ /n_bound, Out_bound}.
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LOGICAL DEDUCTION ON WORLD PATH

CURRENT
WORLD
STATE \
DEDUCTION ON BASIS
OF A PRIORI WORLD
PREVIOUS KNOWLEDGE \
WORLD / eg stop sign => junction
STATES W_T:
T=t_current, prob(WORLD PREDICATE)
t_current-1,
DEDUCTION ON BASIS
t_current-n OF INTENTIONAL
INPUTS
eg left indicator => junction
INTENTIONAL
PREDICATES

Figure 23: Dependencies in reverse situation

4. Each lane-direction has associated a particular numberlebund/out-bound lanes,
Specifidanes within the total set of inbound and outbound laneseeiBed by a distinct
indicator argumenty.

5. The three-argument predicate PATH (determining lane occiives) has two different
subtypes, namely legal path and physical path. The lattegreadhe range of physical
possibility, while the former defines the legal routes thatyrbe followed by each car
while crossing a junction or moving from one point to anothieane numbering is de-
fined so that pathing obeys the simplest possible generd (ebvm In_bound(m) —
Out_bound(m))

Other modules implement the "SIGN and TRAFFIC-LIGHT” preatie-structures, as
well as thea priori rules (clauses) covering their interrelation with the topy (e.g., the
fact that a T-junction sign implies the confluence of two ®ado be followed by tha
priori legal restriction clauseg priori rules and predication relating to driver knowledge
are implemented in the deductive system under a separatgmetlicate headings dealing
with ECOM dependencies (eg so that knowledge of signs ba#igte and relates to road
conditions for the duration of the junction traverse, whaleowing that knowledge of
traffic-light states must be treated temporally).

A function 'MAIN’ activates the logic system in which the tBfent road types, num-
bers of lanes and lane positions of any detected cars at ey tiime are specified, along
with any of these objects that are visually attended to, dsaseall of the control inputs
applied to the DIPLECS car. Also included is any primary siisation of animating in-
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WARNING
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Figure 24: 3rd situation: part of World model predicated est of World model

tention. That is, the full extent of instantaneous symbadétections are presented to the
system, irrespective of their completeness or consistéifey PROLOG system then runs
through a deductive process in order to generate the ldgilegitimate configuration pos-
sibilities, as well as all possible legal or physical pattrsdverall temporal consistency; it
also outputs the active ECOM intention and sub-intentiarih@ Monitoring/Regulating

level).
Although the system in being constructed a top-down, fodwdeductive manner, it
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remains possible to implement the reverse case; eg thexsgste deduce junction topol-
ogy from car paths and vice versa. The animating idea is thafs in the predominant
operation of the deductive process, predicate definitionade as generic as possible in
order be able to easily ascend/descend through the higrasctequired when presented
with input predicate specifications located at arbitrarynfgowithin the representation-
action hierarchy. Using flexible top-down/bottom-up hiehacal deduction thus enables
the intentional model to inform the vision model and vicesee

4.1.1 Details of Logical ECOM Implementation

Corresponding to the above is the logically-formalised lanpentation of ECOM level
structures. This is indicated as follows (with only majonddionality shown for simplic-

ity):

level 1.1 navigate junction

level 2.1 turn left(i f lane(diplecscar) = dl(n) & prev(lane(diplecscar) = di(n))
level 2.2 turn right(i f lane(diplecscar) = dr(n) & prev(lane(diplecscar) = di(n))
level 2.3 go straight ortif lane(diplecscar) = do(n) & prev(lane(diplecscar) =
level 3.1 junction approacti f lane(diplecscar) = di(n))

level 3.2 traverse neutral arég lane(diplecscar) = na)

level 3.3 exit junction(i f lane(diplecscar) = di & prev(lane(diplecscar)) = na)
level 4.1 wait for light to change to greéif 3.1 & stopped

& red or red + amber light seen)

level 4.2 slow for red lighti f red light seen)

level 4.3 wait for clear exit trajectorfi f (3.1 & green & (stopped|slowing)) or (3.2))
level 4.4 approach junction without stoppif®1 & green light seen)

level 4.5 continue traversef was(4.3) & 3.2)

level 5.1 monitor traffic while stopped at lightf look(mov_obj) and 4.1)

level 5.2 monitor lightsi f look(light) and (4.1 or 4.2))

level 5.3 monitor exit while stoppedf 4.1 and ([look(lo) and 2.1]

or [look(ro) and 2.2]

or [look(00) and ;2.3]

or (look(mov_obj) &

(lane(mov_obj) = di or look(mov_obj) &

lane(mov_obj) = di(ped)))

level 5.4 follow car in front(i f (lane(mov_obj) = lane(diplecscar)

and o ften_look(mov_obj))
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and path(mov_obj) = path(diplecscar) and (3.1 or 3.2 or 3.3))

and not(stopped))

level 5.5 monitor traffic while traversing f look(mov_obj) and 3.2 and not(stopped))
level 5.6 monitor traffic while exitindi f look(mov_obj) and 3.3)

level 5.7 monitor traffic while approachirigf look(mov_obj) and 3.1 and not(stopped))
level 5.8 check exit while moving f not(stopped) and

([look(lo) and 2.1]or[look(ro) and 2.2]

or [look(oo) and 2.3] or (look(mov_obj) &

(lane(mov_obj) = di or look(mov_obj) &

lane(mov_obj) = di(ped))

& [not(mov_obj) & not(lane(mov_obj) = di(ped)))]))

level 5.9 check light$i f look(light) and not(5.2))

where:

di = driver’s outbound road
mov_obj = moving object
na =neutral area

4.2 Combining Logical Consistency Cosiderations with Desion Tree
Outputs

Having thus obtained the intentional/forward-camerawannotated binary vectors along
with per-frame decision tree outputs, the task is to usectimsextually with the PROLOG
code implementing the prior logical structures of the Higweode and ECOM models.

We thus wish to use PROLOG to determine the consistency céctintentions/world-
states with the bulk of preceding intentions/world-stdtgsising Vitterbi-like searching
according to which the longest/best path through intealioodes is selected, weighted
by the decision-tree outputs. This involves explicitlydeaging the layer dependencies
within the logic (the logical clause structure dictates th&ra-level intentions are mutu-
ally exclusive while inter-level intentions have compleXIB/OR relations, with a strong
dependency of lower-level intentions on higher level ititars by virtue of the explicitly
subsumptive implementation of the ECOM model).

In principle, this should allow the higher levels of the logi hierarchy to be very
robust to detection error - for instance, junction detettleeing at the higher-end of both
the visual and logical hierarchy is underpinned by the mlidity of observations (lanes,
roads etc) at the lower levels of the hierarchy. Consequewtiile it is possible for a
missed car signal to generate a false intentional readitigeabwer levels dealing with
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(for example) intra-junction traffic etiquette, a misseddiag of the junction detector for
one frame will not generate a corresponding error the hitgwais of the ECOM model
dealing with the broader subsumptive intention of juncti@versal. In this way logical
consistency can be seen as a level-based construct, wigeneral, higher levels of the
representational hierarchy exhibiting greater likelid@d mutual consistency.

To implement this temporal contextualisation, predicdtem the current frame (ie
the predicates associated with individual binary vect@dieys) are thus asserted as be-
ing only currently true. Hence, all active predication is considered true dhithactive
predication is asserted as false, with previous frame datarted apreviouslytrue (such
that all negative predication is specified as previouslyefal This gives the four valued-
temporal logic: [Previously_True, Previously_False, True, False]).

In parallel with this, intentional predication for each ééis determined acontextually
for each frame by the decision trees. There are thus twandistiodes of pattern recogni-
tion employed in the composite system; the discriminatieet{e decision trees) and the
generative (tha priori logical model). In effect, the logical model considers ospatial-
temporal context and makes no allowance for stochastiatvamni, whereas the decision
trees disregard context, and consider all predicatiotewaat to classification as stochas-
tic variation. Exploiting the difference between the twdlwilow us to later construct
error-resilient contextual classifier of intention.

To take advantage of temporal context, a frame-buffer ggared at the first detected
instance of junction approach. The caching of previougstaithin this expanding tem-
poral window means there is the potential of the recent mastddify predication con-
cerning the less-recent past since we asaegrior consistent temporal states within the
window, allowing preexisting ambivalent states to be resol(ie the past is progressively
determined by the future). Logical causation is thus notstmae as temporal causation,
being able to work in both directions.

However, there will, as indicated, always be certain ecamtaining frames (annota-
tion error in the case of the ground-truth data) that aregabke of being resolved within
any continuous driving narrative. These are cases in whagbassible allocation of truth
values to predicates with ambivalent scope allows the @belgrasserted predication to be
globally true. These can be straightforwardly rejectedhiniPROLOG to leave a 'consis-
tency set’ of temporal-narrative exemplars against whithre frame predication can be
tested. Those frames that pass the test are iterativelyldddlee consistency set to extend
the temporal narrative.

This means that the logic system is, in itself, capable ahgais a frame intention
classifier: each of the intentior'son each of the levels, can be asserted, in turn, along-
side the negation of all of the other intentions on the sawe e test for consistency. ie
we test the assertions:
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v z{ i True:1=1
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All of the consistent intention classes can then be givencaraleveighting such that
they sum to unity to create a pseudo-probability, and giveehsstic measure of the like-
lihood of the correctly predicted intentional output. Glgaccuracy would be expected
to increase with the size of the consistency set.

This is indeed the case for the junction traverses, as itetiday the purely logic-based
accuracy results for the six scenarios set out in figures BltdHere, the logical default
'straight on’ assumption becomes falsified in the ’left tuand 'right turn’ scenarios as
more temporal context is accrued. In particular, note hasvatbcuracy figures increase
with time for the latter four scenarios in comparison to ttedis accuracy values for the
two former scenarios.

08 r

Accuracy
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o a0 100 150 200 250 300 350
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Figure 25: 1st Left-turn Scenario

Given that these results are purely logic based, it is thgsipte to make relatively
accurate prediction purely on the basis of prior knowledthe conditionalities of the
ECOM model and the constrained (highway code-based) naturaffic scenarios.
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Figure 26: 2nd Left-turn Scenario

When per-frame decision tree accuragiase superimposed directly on the above
graphs, it is apparent the lack of temporal context affeetsframe accuracy (cf fig—B1)
for the first right-hand scenario). In particular, note tlkative consistency of the decision
tree accuracy over time.

However, it is also apparent that the decision tree outpas igpproximately accurate
as thea priori logic model at the temporal outset. Since the errors madééydgic
and decision-tree systems would appear to be uncorreltitaeght thus to be possible to
combine them to our advantage.

Decision-tree outputs are hence combined with logical diolu through their incor-
poration into the consistency testing and aggregationguhaie. Under purely logic-based
consistency testing it is, for instance, possible thatrezomtaining sets are consistent with
each other by chance, leading to a false aggregation ofstensiframes, and irrecover-
able system error. We hence use the decision tree outpugs tioresholds on acceptance
for the consistency set by requiring the agreement of thesideetree outputs with that

2Unlike the cross-validation tests, these decision treedrained only on the initial three training sets
for each scenario, so as to generate meaningful compas@sooss the range of junction traverses.
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Figure 27: 1st Right-turn Scenario

of the logic in order for the frame to be added to the conscsteet. Otherwise the logic
output is given as output by default, but not added to theistarecy set. When a fully-
inconsistent frame is detected by the logic system, theubigswitched instead to that of
the decision tree.

With this decision-tree-based temporal-node-weighting accuracy of the composite
system is very significantly greater than that of the indmaldsystems, as depicted in fig
32 for the right-hand turn data set.

We have thus created an effective prototype system for ceitipo of discriminative
and generative classifiers of intentional behavior, uitjsstochastic and structural tech-
niques to combine global and local information.
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Figure 28: 2nd Right-turn Scenario

5 Work Details: Part 4. The Top-Down Feature Respeci-
fication Module

So far we have considered only the bottom-up aspects of stersy(the major mode of
operation), in which the world and intentional model is buib from the detector inputs.
However, the global consistency checks also have the paltémimodify detector inputs
in a top-down fashion, and thereby complete a full bootstraodelling of the world
(which is to say, there might, in principle, exist the poggibof running the intentional
induction system fully unsupervised). As an initial pradfeoncept of this idea, we wish
to test the notion that the global consistency check is depHlproviding useful top-down
constraints on the feature-detectors under simulataarédonditions.

That is, we simulate the effects of noise on one of the feathyerandomly replacing
binary values for this feature within the frame vector byiaaoy binary digits. We do this
according to a uniform random distribution with an averafg&iure probability of one
in every five frames.

Page 36/42



ICT —215078 — DIPLECS DIPLECS Deliverable D7.1

08 r

Accuracy

n2r

0 I I 1 1
o a0 100 150 200

Frame Mo.

Figure 29: 1st Straight-over Scenario

Our aim is then to determine which of the 772 possible featisesubject to this
additive noise purely on the basis of global logical corsisy.

We attempt this by sequentially removing feature predgétedetector outputs) and
recalculating the associated predication of each framealfaf the 772 features and de-
termining whether this improves overall global consisteas measured by the final size
of the consistency set. We can then 'weight’ feature detsaino the basis of this consis-
tency (for the ground truth vector this a binary weightirgpractice, it is likely to require
a fuzzy threshold). This will ultimately form the basis ottlogic system’s feedback to
WPA4.

The results of the application of this method are shown ilCBdd@ a section of the
features. We see that a clear peak in the magnitude of thestemsy set exists for the
error-compromised feature. Itis also apparent that twerdéatures exhibit this peak; this
is because of the conditional dependencies that exist eetfeatures (such features tend
to be in close proximity within the feature-vector by virtoktheir similar characteristics;
however note the feature vector itself is order-indepet)den

Critical to our argument is that this measure of global cstesicy correlates with the
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Figure 30: 2nd Straight-over Scenario

accurate prediction of the (unknown to the system) grounthtvalues. We see from
fig B4 (giving the average accuracy over the whole time-secgjethat this correlation is
remarkable.

Blanking the features associated with the peak in globasistency therefore acts to
increase overall system accuracy in the manner intendedytstem thus exhibits the ca-
pability of top-down and bottom-up bootstrap-inductiorirdéntional and world models.

6 Summary

6.1 Summary of Activities

In summary, we have carried the following activities in tlhenpletion of deliverable D7.1:

1. Constructed a per-frame junction topology propagator taiolground-truth data for
decision-tree-based machine learning, and carried owireng annotation manually.
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Figure 31: Comparison @ priori logic and decision-tree accuracy

2. Constructed an intentional deduction system based priori ECOM and Highway
Code logic models.

3. Built a prototype system for determining intentions vialgdblogical consistency, build-
ing on the above two activities.

4. Demonstrated the application of this system for top-dowwegghting of feature de-
tectors on the basis of global logical consistency.

In doing so, we have demonstrated the possibility of applyinotstrap techniques
within the strategy and supervision system, an well as pgigia mechanism for classi-
fying driver intention.

6.2 Future Activities

Deliverable D7.2 will require the prototype system to belegapin situ, in situations in
which there are relatively few detected features (cenydeds than the full ground-truth
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Figure 32: Combination of decision-trees with logical dstency constraints

set utilised here), and in which detector noise is likely écaipparent to differing degrees
across the whole detector range. To do this, the system awi# ko relax the strong binary
assumptions implicit in PROLOG and employ intermediatadagrtainties. We plan to
approach this initially via fuzzy logic applied to (at lepte detector inputs, such that
multiple paraconsistent driving narratives can be sinmgtaisly accommodated (perhaps
employing an approach such as thatof [2]).

Further refinements of the ECOM logical model will also beuieed; this will involve
the ongoing collaboration axis between CVSSP and ARMINES.
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