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Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Motivation der Arbeit

Grundmotivation

Entwicklung des Virtual Werder RoboCup 3D SSL Teams (’04–’07)
Spieler-Agenten pflegen umfassende quantitative Wissensbasis
Wahrnehmung hochdynamischen, kontinuierlichen Simulationszenarios
als niederfrequente Folge diskreter Momentaufnahmen (→ 5Hz)
Wissen über ausgedehnte Bewegungssituationen implizit codiert

Potential der vorhandenen Datenbasis liegt teilweise brach
Mismatch zwischen menschlichem Spielverständnis und Agentensicht
Skill-/Verhaltensentwicklung ↔ Low-Level Programmierung

Skalierende, homogene Detektion von Bewegungssituationen
Situationseigenschaften, Ereignisse, Aktionen, Sequenzen, . . .
Präzise Formalisierung für Bewegungs-Templates
→ Explizite Repräsentation von Hintergrund- & Expertenwissen
Aufsetzend auf kompakter, qualitativer Szenenbeschreibung

Verbesserte Grounding Situation von Spielern/Trainer
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Verwandte Arbeiten

Auswahl von Vorarbeiten zur Analyse dynamischer Szenen
1 Probabilistische Erkennung taktischer Footballspielzüge

S. Intille & A. Bobick [IB01]

2 Online-Unterstützung von Coaching-Aufgaben
FIPM (RoboCup 2D SSL ’06), M. Beetz et al. [BKL05]

3 Analyse von Fußballspielen zur automatischen Kommentargenerierung
SOCCER, G. Herzog [Her95], REPLAI, G. Retz-Schmidt [Ret92]

4 Analyse dynamischer Szenen im Kontext von Verhaltensvorhersagen
AT Humboldt, RoboCup 2D SSL, J. Wendler [Wen03], U. Müller [Mül02]

5 Domänenübergreifende Analyse dynamischer Szenen (TZI)

RoboCup 2D SSL, A. Miene [Mie04, MVH04]
Autonome Fahrzeuge (ASKOF), J. Gehrke [Geh05, GLH04]
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Aufgabenbereiche und Systemkontext
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Qualitatives Mapping

Qualitative Szenenreräsentation → Fokussierung →Mapping

Szenenbeschreibung folgt Vor-
schlägen für 2D SSL [Mie04]

3. Dimension (→ Ball)
Minimale Relationenmenge

Analyse relevanten Szenen-
ausschnitts

Einschränkung durch
Ballorientierung
Flexibel erweiterbare
Fokussierung [Ret91]

3

2

3

1

2

B

1

Allozentrische Position & Geschwindigkeit 
von Szenenakteuren (Spieler, Ball)

Virtual Werder 3D FC Portugal

pos(vw2)=(x,y,z)

vel(vw2)=(x,y,z)

Play Mode: PlayOn

SimTime: 206032

Hochkonfigurierbare Klassifikation quantitativer Zeitreihen (ZR)
Univariate ZR mit offenem oder zyklischem Wertebereich
→ Stabil gegen Oszillation durch Intervall-Hysteresis [SWW05]
zweistufiges Vorgehen für bivariate ZR (z.B. Aufenthaltsregionen)

Erzeugung von Fakten: Expliziter Abschluss ↔ Verlängerung [Geh05]

Spatio-Temporal Real-Time Analysis of Dynamic Scenes in the RoboCup 3D Soccer Simulation League (6|20)



Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Qualitatives Mapping

Qualitative Szenenreräsentation → Fokussierung →Mapping

Szenenbeschreibung folgt Vor-
schlägen für 2D SSL [Mie04]

3. Dimension (→ Ball)
Minimale Relationenmenge

Analyse relevanten Szenen-
ausschnitts

Einschränkung durch
Ballorientierung
Flexibel erweiterbare
Fokussierung [Ret91]

3

2

3

1

2

B

Nullwertige Prädikate
z.B.: playmode(before_kickoff)

Einwertige Prädikate: 
z.B.: velocity(vw3d_2,low)

Zweiwertige Prädikate: 
z.B.: s_orientation(ball,vw3d_2,north_east)

1

2 6

Hochkonfigurierbare Klassifikation quantitativer Zeitreihen (ZR)
Univariate ZR mit offenem oder zyklischem Wertebereich
→ Stabil gegen Oszillation durch Intervall-Hysteresis [SWW05]
zweistufiges Vorgehen für bivariate ZR (z.B. Aufenthaltsregionen)

Erzeugung von Fakten: Expliziter Abschluss ↔ Verlängerung [Geh05]

Spatio-Temporal Real-Time Analysis of Dynamic Scenes in the RoboCup 3D Soccer Simulation League (6|20)



Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Qualitatives Mapping

Qualitative Szenenreräsentation → Fokussierung →Mapping

Szenenbeschreibung folgt Vor-
schlägen für 2D SSL [Mie04]

3. Dimension (→ Ball)
Minimale Relationenmenge

Analyse relevanten Szenen-
ausschnitts

Einschränkung durch
Ballorientierung
Flexibel erweiterbare
Fokussierung [Ret91]

3

2

3

1

2

B

Nullwertige Prädikate
z.B.: playmode(before_kickoff)

Einwertige Prädikate: 
z.B.: velocity(vw3d_2,low)

Zweiwertige Prädikate: 
z.B.: s_orientation(ball,vw3d_2,north_east)

SchlüsselobjektAufmerksamkeits-Region

Fokussensitiv, nicht symmetrisch Fokussensitiv

Fokusinvariant

1

2 6

Hochkonfigurierbare Klassifikation quantitativer Zeitreihen (ZR)
Univariate ZR mit offenem oder zyklischem Wertebereich
→ Stabil gegen Oszillation durch Intervall-Hysteresis [SWW05]
zweistufiges Vorgehen für bivariate ZR (z.B. Aufenthaltsregionen)

Erzeugung von Fakten: Expliziter Abschluss ↔ Verlängerung [Geh05]

Spatio-Temporal Real-Time Analysis of Dynamic Scenes in the RoboCup 3D Soccer Simulation League (6|20)



Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Qualitatives Mapping

Qualitative Szenenreräsentation → Fokussierung →Mapping

Szenenbeschreibung folgt Vor-
schlägen für 2D SSL [Mie04]

3. Dimension (→ Ball)
Minimale Relationenmenge

Analyse relevanten Szenen-
ausschnitts

Einschränkung durch
Ballorientierung
Flexibel erweiterbare
Fokussierung [Ret91]

3

2

3

1

2

B

Nullwertige Prädikate
z.B.: playmode(before_kickoff)

Einwertige Prädikate: 
z.B.: velocity(vw3d_2,low)

Zweiwertige Prädikate: 
z.B.: s_orientation(ball,vw3d_2,north_east)

SchlüsselobjektAufmerksamkeits-Region

Fokussensitiv, nicht symmetrisch Fokussensitiv

Fokusinvariant

1

2 6

Hochkonfigurierbare Klassifikation quantitativer Zeitreihen (ZR)
Univariate ZR mit offenem oder zyklischem Wertebereich
→ Stabil gegen Oszillation durch Intervall-Hysteresis [SWW05]
zweistufiges Vorgehen für bivariate ZR (z.B. Aufenthaltsregionen)

Erzeugung von Fakten: Expliziter Abschluss ↔ Verlängerung [Geh05]

Spatio-Temporal Real-Time Analysis of Dynamic Scenes in the RoboCup 3D Soccer Simulation League (6|20)



Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Detektion ausgedehnter Bewegungssituationen

Umfang und Ablauf der Detektion von Bewegungssituationen
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Detektion ausgedehnter Bewegungssituationen

Konzeptionelle Grundlage der Detektion von Bewegungssituationen
1 Knowledge Engineering

Logisch-formale Spezifikation domänenspezifischer Bewegungsmuster (→ Bsp.)
Abbildung in Deklarative Programmierung (Prolog)

2 Bewegungssituationen detektieren ↔ Räumlich-zeitliches Pattern Matching

XSB Prolog als logisches Inferenzsystem
Implementierung räumlicher und zeitlicher Relationen (Allen, Freksa)
Danach Ausnutzung von Standard-Backtracking-Algorithmen

Retrospektive Detektion von Bewegungssituationen (→ kategorisches Wissen)

Vermeidet Formulierung/Verfolgung von Bewegungshypothesen
Inkrementelle Detektion selbstähnlicher Aktionssequenzen

Differenzierte Charakterisierung von Bewegungssituationen
Explizite Behandlung mehrdeutiger Detektion derselben Bewegungssituation
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Detektion ausgedehnter Bewegungssituationen

Ablauf der Detektion – Unkonditionierte Aktivierung vs. Begründete Aktivierung

1 Unkonditionierte Aktivierung
	 ignoriert Aktivierungskontext
	 Bewegungssituationen als

isolierte Entitäten
2 Spezialisierungs-Aktivierung

⊕ vorgegebener Zeitrahmen
⊕ Prüfung zusätzlicher

Constraints
3 Mögliches-Ende-Aktivierung

⊕ Aktivierung bedingt Fund
potentiellen Situationsendes

⊕ Mehrfachaktivierung möglich

Expertenwissen über Musterkompo-
sition steigert Detektions-Effizienz
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Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Evaluation

Struktur
1 Precision & Recall der Detektion von Bewegungsmustern. . .

1 Präzise Sicht des Coach-Agenten
2 Verrauschte Sicht eines Spieler-Agenten (Mittelfeld)

2 Laufzeitperformanz des Systems (Realzeit & Simulation)
3 Einfluss wichtiger Designentscheidungen
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Einführung Analyse-Ansatz Evaluation Fazit und Ausblick

Part I – Precision & Recall bei der Detektion von Bewegungsmustern

Precision & Recall unter Coach-Sicht – Auswertungin the RoboCup 3D Soccer Simulation League 127

Motion Class Type #PSystem #PTruth #∩ mprec mrec

Virtual Werder 3D vs. FC Portugal (Game 1, 1stHalf) 1500 analysis cycles
kick event 62 67 62 1.0 0.925
collective kick event 4 3 2 0.5 0.667
receive event 78 76 76 0.974 1.0
ball_transfer action 59 65 57 0.966 0.877
pass (success) action 17 19 16 0.941 0.842
pass (failure) action 23 28 23 1.0 0.821
self_assist action 18 18 18 1.0 1.0
Virtual Werder 3D vs. SEU (Game 2, 2ndHalf) 1500 analysis cycles
kick event 63 71 63 1 0.887
collective kick event 1 1 1 1.0 1.0
receive event 83 83 79 0.951 0.951
ball_transfer action 60 69 57 0.95 0.826
pass (success) action 36 41 36 1.0 0.878
pass (failure) action 16 20 14 0.875 0.7
self_assist action 8 8 7 0.875 0.875
Accumulated Results (Corresponds to Full Game) 3000 analysis cycles
kick event 125 138 125 1.0 0.905
collective kick event 5 4 3 0.6 0.75
receive event 161 159 155 0.963 0.974
ball_transfer action 119 134 114 0.957 0.850
pass (success) action 53 60 52 0.981 0.866
pass (failure) action 39 48 37 0.948 0.771
self_assist action 26 26 25 0.961 0.961
header notation: mprec: precision, mrec: recall, #Pxy: detections by ’xy’, #∩: mutual detections

Table 7.1: Evaluation of the precision and recall key measures for two distinct half times
of matches Virtual Werder 3D vs. FC Portugal and SEU respectively for a selected subset
of implemented event/action classes. Accumulated results are presented as well.

Two half times played against distinct teams in two games of the above mentioned
evaluation test series are exploited. First, the second half time in the second match Virtual
Werder 3D vs. FC Portugal. Second, the first half time of the first match Virtual Werder
3D vs. SEU. Both adversary teams are among the top RoboCup 3D Soccer Simulation
League teams10. FC Portugal won the RoboCup championships in 200611 and the Robo-
Cup German Open 200712. SEU reached rank 3 in the RoboCup championships 2006
and was runner-up in the RoboCup China Open 200613. Thus, the choice of adversary
teams set value to the expected dexterities such that games with high quality standard
are considered.

The automated analysis whose results are presented in a condensed form in table 7.1
was performed offline in the SCD Simulator (cf. section 6.3.2 on page 122) based on the
recorded game observations compiled by the SCD Coach during the initial simulation of the
particular games14. An excerpt of the output that was generated by the analysis is shown in
figure 7.1 on the preceding page. The remainder of this section is structured such that the
cumulative detection results are considered which are expressed in the respective precision
and recall key measures. Subsequently, limitations of the implemented analysis system

10 with the distinction that this statement of affairs refers to the classic 3D Soccer Simulation with
sphere-based agents, that has been used until spring/summer 2007

11 A dedicated web site is available at: http://www.robocup2006.org/start?lang=en (visited:17/9/2007)
12 A dedicated web site is available at: http://www.robocup-german-open.de/en (visited:17/9/2007)
13 A dedicated web site is available at: http://ai.ustc.edu.cn/rco/rco06/ (visited:17/9/2007)
14 Due to the fact, that online and offline analysis build upon the exactly same input data and thus yield

the same results, this course of action is justified

Hand-Tagged
Ground Truth
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Part I – Precision & Recall bei der Detektion von Bewegungsmustern

Aufgedeckte Probleme
1 Extrem dynamisches Spielsystem, ’berührungsfreies’ Schiessen (SEU)
→ Unvollständige Antizipation möglicher Bewegungssituationen

2 Detektion erfolgt teilweise übereilt (→ Ballannahme vs. Ballpassage)

Precision & Recall unter Coach-Sicht – Vergleichende Einordnung

Analysequalität ist bei größerer Szenenkomplexität der
(Offline!)Implementierung für RoboCup 2D SSL beinahe ebenbürtig!
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Action Class Analysis Miene (2D Sim) Implemented Analysis (3D Sim)
mprec mrec mprec mrec

pass (success) 0.955 0.933 0.981 0.866
pass (failure) 0.898 0.928 0.948 0.771
self_assist 1.000 0.955 0.961 0.961
cumulative/∆ 0.938/– 0.932/– 0.963/+0.025 0.866/-0.066

Table 7.2: Comparison of detection quality for selected action incidences.

are critically discussed and hints are presented that point at possible solutions/mitigation
of the observed problems.

In order to begin the interpretation of the results condensed in table 7.1 the recall
key measures mrec are considered first. As definition 7.1 on page 125 states, the recall
characterizes the ability of the analysis system to detect the considered motion incidences
that ’actually occur’ in the soccer matches15. Considering the results for the match Virtual
Werder 3D vs. FC Portugal, the recall values for all kick and reception incidences are better
than 90% with the exception of the collective kick which occurred too infrequent such that
the recall value is considered too weak in its significance. In direct comparison, the kick
detection (mrec = 0.925) does not perform as well as the reception detection (mrec = 1.0)
which is due to the higher complexity of the kick patterns for the standard and volley kick
introduced in section 5.3.1. In the game against the SEU team both the kick detection
(mrec = 0.887) and the reception detection (mrec = 0.951) lie below their equivalents in
the game against the FC Portugal.

The visual inspection of both matches that was performed for the compilation of the
ground truth data offers an explanation. The style of play that is favored by the SEU team
is highly dynamic and features a tendency towards immediate forwarding of the ball over
multiple stations during the build-up of the offensive game. In particular, an airborne ball
can be forwarded volley without touching the ground and with the agent being barely in
ball contact. This rapid style of play, adapted by other teams such as WrightEagle as well,
is more difficult to capture by the implemented kick patterns such that misclassifications
(kick interpreted as deflection/retreat from ball) and complete failure of detection occur
with increased frequency. However, even under those circumstances the detection of the
considered even patterns yields acceptable if not excellent results. Since the kick patterns
feature a comparatively high complexity compared to those patterns exempted from direct
evaluation, it is expected that acceptable results can be achieved for those as well.

With respect to the action patterns related to the transfer of the ball the results, the
recall values range between 82.1% (failed passes) and 100.0% (self assists) for the match
against FC Portugal and between 70.0% (failed passes) and 87.8% (successful passes) for
the match against SEU. So, in general a recall value of more than 80% is achieved on
average for the considered action patterns. The lower recall compared to that achieved
for the considered subordinated events is thereby due to the hierarchical layout of the
motion patterns which induces a direct dependency16 of detection quality for high-level
actions from its equivalent for subordinated events. For instance, the misclassification of
a kick event as a deflection of the ball necessarily prohibits the detection of the resulting
ball transfer (and consequently its particular specialization) once the free ball is received
again. Concluding the evaluation of the recall results, a loose17 comparison with similar
results acquired for the analysis approach by Miene in [Mie04a, p.133] in the RoboCup
2D Soccer Simulation League in table 7.2 documents that the recall performance of the
analysis at hand is only slightly inferior (6.6%) and can thus still be judged as competitive.
15 where the manually crafted ground truth acts as the reference measure
16 Consider the specified action patterns in section 5.3.2 on page 95
17 Loose in the sense that the two RoboCup Soccer Simulation Leagues each have their own character-

istics such that a comparison can only yield hints rather than hard data.

Analysequalität ist bei größerer Szenenkomplexität der
(Offline!)Implementierung für RoboCup 2D SSL beinahe ebenbürtig!
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Precision & Recall unter Agenten-Sicht – Auswertungin the RoboCup 3D Soccer Simulation League 131

Motion Class Type #PSystem #PTruth #∩ mprec mrec

Coach Data Virtual Werder 3D vs. Aeolus (Game 4, 1stHalf) 1500 analysis cycles
kick event 50 53 47 0.94 0.887
collective kick event 4 2 2 0.5 1.0
receive event 64 64 60 0.938 0.938
ball_transfer action 44 49 39 0.886 0.796
pass (success) action 20 21 19 0.950 0.905
pass (failure) action 20 23 17 0.850 0.739
self_assist action 5 5 3 0.600 0.600
Agent Data Virtual Werder 3D vs. Aeolus (Game 4, 1stHalf) 1500 analysis cycles
kick event 43 53 43 1.0 0.811
collective kick event 5 2 1 0.2 0.5
receive event 62 64 60 0.967 0.938
ball_transfer action 38 49 35 0.921 0.714
pass (success) action 20 21 17 0.850 0.810
pass (failure) action 13 23 13 1.000 0.565
self_assist action 6 5 5 0.833 1.000
header notation: mprec: precision, mrec: recall, #Pxy: detections by ’xy’, #∩: mutual detections

Table 7.3: Evaluation of the precision and recall key measures for the first half time of
the match Virtual Werder 3D vs. Aeolus using perceptions from the SCD Coach and a
Virtual Werder 3D player (no.6, midfielder).

In the following, the analysis results that are achieved given both types of input are
evaluated face to face for a single half time of a fixed match Virtual Werder vs. Aeolus.
The basic evaluation methodology introduced in section 7.2.2 is applied again in order
to retain consistency. Thus, the quality variation induced by the alternate input data is
expressed in terms of comparative precision and recall measurements shown in table 7.3.

The precision and recall key measures for the detection of the considered motion inci-
dences for the coach perception reside within the expectations given the results of the
previous section with the constraint that due to the characteristic of the match Virtual
Werder 3D vs. Aeolus the recall for the kick detection and as a consequence the depen-
dent ball transfer and specializations reside below the norm. However with regard to the
comparative evaluation, this can be accepted.

Considering the recall key measure for the kick and reception event incidences based on
the game perception of the Virtual Werder 3D player 6, a midfielder, table 7.3 shows that
even under noisy perception the detection quality retains a surprisingly high level with
93.8% for the reception (coach: 93.8%) and 81.1% for the standard kick (coach: 88.7%).
Thus while the recall does not degrade under agent vision, the kick recall degrades mildly
about 7.6% where a fraction of this value can be attributed to the analysis’ obviously
heightened inclination towards a detection of collective kicks. The remainder of the 7.6%
decrease in recall seems due to the missing timely recognition of ball acceleration right
at the start of a kick such that misclassifications as ball deflection and retreat from
ball occur with higher frequency. However, it can be stated that the detection of basic
event incidences features a noteworthy robustness against noise and does not become
increasingly susceptible to phantom detections. The latter is conveyed clearly via the
associated precision key measures that are on par or even better than their equivalents
under coach perception.

The above-mentioned degradation of the recall performance for standard kick incidences
under agent perception influences the recall values for the considered action incidences.
Table 7.3 lists a recall value of 71.4% (coach: 79.6%) for the general ball transfer which
corresponds to a 8.2% decrease. In the considered game the recall for the detection of

-0.076

-0.0
-0.082
-0.095
-0.174
0.4

0.06

0.029
0.035
-0.10
0.15
0.233

Hand-Tagged
Ground Truth

Detektion bleibt robust gegenüber False Positives
Erklärung der Verschlechterung von mrec :
→ Initiale Ballbeschleunigung bei Schüssen oft nicht wahrgenommen
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VW3D vs. Aeolus Fantasia WrightEagle SEU FC Portugal
Qualitative Abstraction
Median 1.176 1.026 1.304 1.198 1.13
Q5/Q95 0.43/1.914 0.34/1.826 0.532/2.328 0.516/2.99 0.362/2.335
Min/Max 0.137/7.227 0.131/5.544 0.167/6.137 0.18/5.181 0.122/6.553
Mean±SD 1.297±0.692 1.12±0.57 1.395±0.652 1.275±0.562 1.242±0.677
Actors/cycle 8.147±2.732 6.871±2.52 8.564±2.62 7.77±2.11 8.339±2.81
Relations/cycle 49.88±16.39 42.2±15.1 52.38±15.73 47.61±12.65 51.03±16.83
Facts in KB 653.3±194.5 588.64±165.4 719.54±180.16 687.07±169.94 644.17±221.08
Recognition of Motion Incidences
Median 0.99 0.958 1.115 1.341 1.013
Q5/Q95 0.308/1.914 0.324/1.862 0.369/2.328 0.407/2.99 0.181/2.335
Min/Max 0.11/5.505 0.110/5.412 0.11/15.093 0.111/8.0 0.107/7.793
Mean±SD 1.027±0.599 1.0±0.553 1.218±0.786 1.478±0.924 1.137±0.717
Events/game 581.0 581.0 655.3 738.0 642.0
Events/cycle 0.194±0.6 0.194±0.6 0.218±0.63 0.246±0.66 0.214±0.632
Actions/game 109.0 200.3 157.3 247.3 133.3
Actions/cycle 0.036±0.239 0.07±0.354 0.052±0.316 0.0824±0.41 0.04±0.27
Complete Spatio-Temporal Analysis (QA&DE)
Median 2.211 2.035 2.491 2.626 2.264
Q5/Q95 1.018/4.072 0.992/3.612 1.204/4.423 1.284/4.701 0.754/4.27
Min/Max 0.413/8.709 0.302/7.467 0.351/16.262 0.376/9.277 0.298/8.859
Mean±SD 2.324±0.957 2.152±0.812 2.612±1.056 2.754±1.113 2.379±1.083

Table 7.4: Evaluation of (1) Online Performance (real-time, in milliseconds) of the imple-
mented system for the analysis of dynamic soccer scenes within the RoboCup 3D Soccer
Simulator, subdivided into qualitative abstraction & recognition, as well as for both primal
tasks of the analysis combined (2) Character of qualitative abstraction and detection (for
both events and actions).

VW3D vs. Aeolus Fantasia WrightEagle SEU FC Portugal
0 SimSteps 2847.0 2919.7 2757.7 2530.0 2729.3
1 SimSteps 153.0 80.3 242.3 470.0 270.7

Table 7.5: Distribution of consumed sim-steps for the complete analysis over the course of
complete simulated soccer matches. Note that 0 sim-steps should be read as ’the analysis
could be completed in less than the duration of a complete sim-step’.

specified in section 5.1.1 is considered in the compilation of atomic facts F′, applying the
explicit closing assembly strategy introduced in section 5.1.1 for all objects/object pairs
that reside within the focus of attention (cf. section 5.1.6). The oblivion of old atomic
facts was applied as introduced in section 5.4.1 in order to balance the size of F′ over the
course of the simulated games.

The detection of extensive motion incidences involved a guided pattern matching against
the complete pool of specified event and action/action sequence patterns A∪E that have
been formally specified in section 5.3. Thus, seven event classes e ∈ E and seven action
classes a ∈ A ≡ Aseq ∪Aloop are detected.

Table 7.4 provides a comprehensive statistical evaluation of the recorded test data with
common location and variance key measures. The particular columns of the table refer
to games between Virtual Werder 3D and one of the five considered adversary simulation
league teams. The entries in the respective table cells constitute averages over the three
complete games per pairing.

Focus Effect

Overall Detection Yield

x3
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Part II – Laufzeitperformanz des Analysesystems in Realzeit & Simulation

Akkumulierte Laufzeitperformanz gemessen in Simulationszeit – Kennzahlen

Kontextinformation zur gemessenen Simulationszeit:
Deliberations-Handlungs-Zyklus zwischen Wahrnehmungen: 20 SimSteps
Wahrnehmungsverarbeitung durch Spieler-Agenten: ca. 4 SimSteps
Durchlauf Entscheidungsbaum: 1 SimStep
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Brute Force Bottom-Up Guided Bottom-Up
Recognition of Motion Incidences
Median 1.117 0.371
Q5/Q95 0.476/2.050 0.138/1.004
Min/Max 0.191/3.033 0.079/2.528
Mean±SD 1.189±0.483 0.452±0.289

Table 7.7: Evaluation of the variation in runtime performance (in milliseconds) for the
recognition/detection of extensive motion incidences (event, actions and action sequences)
using distinct detection strategies over the course of a single, fixed soccer match. The
statistical key measures presented here complement the plot in figure 7.6 on the facing
page.

advantage of the guided bottom-up detection over the brute force equivalent which is
reflected clearly in the key measures as well. With 0.371ms, the median computation time
for the guided detection amounts to roughly one third of the 1.117ms required for brute
force detection. Furthermore, the quantile values indicate that for 95% of all detection
passes the time consumed when applying guided detection lies below both the median
of 1.117ms and the mean of 1.189ms for the brute force case. Thus, the implemented
guided detection succeeded in achieving the desired performance gains required for real-
time aptitude of the detection approach.

The graphs in figure 7.6 suggest that the savings in computation time are most pro-
nounced in those passes where the computation time for the guided detection are low,
that is where due to the guidance only a minor subset of detections for distinct even-
t/actions incidences are actually attempted. On the other hand, even in passes where a
comparatively large number of new motion incidences is detected the guided detection
naturally remains more efficient than its simpler sibling as it never has to try and detect
the complete set of specified event and actions classes E∪A.

The graph for the brute force strategy also reveals a trend in the development of con-
sumed detection time over the course of the game, in that the mean detection duration
increases monotonously regardless of the common oscillations in detection time induced
by the varying number of movable objects in the focus of attention (cf. section 7.3.2 on
page 135). This trend is reflected in the inclination of the linear regression function f (x)
that has been superimposed on the performance graph for the brute force strategy in
figure 7.6.

While a similar, yet less pronounced trend can be identified via g(x) for the guided de-
tection, viewed in isolation the significance of the latter slight inclination is unascertained.
However, the ascending course of f (x) suggests that, generally speaking, the detection
performance of the implemented analysis approach is contingent on the global charging
level of the Prolog knowledge base. In order to get a general idea, it is instructive re-
consider figure 7.4 on page 136 that has been compiled for the performance evaluation
in section 7.3 as that figure refers to the same game used in this evaluation section and
illustrates the growth of the knowledge base for that game that is due to a slight growth
of the number of atomic facts F′ due to exemptions in the fact oblivion strategy and the
accumulation of high level motion incidences E′ ∪A′.

The following section 7.4.3 delves deeper into the correlation between detection per-
formance and knowledge base charging level. Concluding the comparison of detection
approaches targeted in this chapter, it remains to notice that the brute force detection
is to a larger extent susceptible to the observed creeping performance degradation that
burdens the implemented analysis system to an increasing degree with longer application
terms.
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Explicit Closing Explicit Lengthening
Qualitative Abstraction
Median 0.768 3.625
Q5/Q95 0.175/1.822 1.620/5.927
Min/Max 0.053/6.327 0.560/7.725
Mean±SD 0.859±0.525 3.634±1.274

Table 7.6: Evaluation of the variation in runtime performance (in milliseconds) for the
qualitative abstractions using distinct fact assembly strategies over the course of a single,
fixed soccer match. The statistical key measures presented here complement the plot in
figure 7.5 on the preceding page.

assembly strategy was emulated in order to retain the functionality of the remainder of
the implemented analysis system23: Instead of abandoning the use of right-open intervals
I! completely and fully reimplementing the fact assembly for the ’explicit lengthening’
approach, atomic facts with a right-open validity interval that are found to retain their
validity for yet another qualitative abstraction pass are explicitly retracted from the knowl-
edge base and reasserted in the same form immediatly afterwards. With respect to the
computational expenses for the interaction with the Prolog knowledge base, this course
of action is equivalent to a real explicit elongation of a closed validity interval 〈s, e〉 ∈ I‖
to 〈s, e + 1〉 which also requires both a retract and re-assertion of a certain fact.

The experimental results of the utilization of either of the above-mentioned fact assem-
bly strategies for the same game analyzed in the SCD Simulator are presented graphically
in figure 7.5 on the preceding page where the respective distribution of consumed com-
putation time is plotted over the course of the test game. In addition, table 7.6 presents
a selection of statistical key measures that summarize the qualitative abstraction perfor-
mance and thus complement the results encoded in the graph.

To start with, a visual inspection of the plotted data in figure 7.5 indicates a superior
performance of the explicit closing assembly strategy that is also reflected in the key
measures. With 0.768ms compared to 3.625ms, the median time is roughly 21% of
the explicit lengthening case. What is more, the upper Q95 quantile for explicit closing,
with a value of 1.822ms, amounts to only half the median for explicit lengthening The
lower Q5 quantile for explicit lengthening (1.620ms) is located only marginally below
the aforementioned upper Q95 quantile for explicit closing. However, the performance
degradation induced by the utilization of the explicit lengthening fact assembly strategy
is not only characterized through the statistical location parameters alone. It is also
reflected variation parameters such as the respective size of the standard derivation and
the inter-quartile distance. Both key measures are far more pronounced in the explicit
lengthening case. The greater amount of oscillation in the performance value run is also
clearly visible in the performance graphs in figure 7.5.

Even though the general statement of affairs revealed by the evaluation was expected
in the run-up, the actual extent of the performance variation for the computation of the
qualitative abstraction came as a surprise. The assumption made by Gehrke in [Geh05,
p.138] that the explicit lengthening fact assembly strategy can yield noteworthy perfor-
mance gains has been confirmed without doubt in the given experimental setup for the
considered application domain of simulated soccer. Beyond that, it is expected that the
obtained results are conferrable to other application domains such that the explicit closing
strategy should be considered there as well.

23 Several of the motion patterns that have been compiled in section 5.3.1 on page 90 rely on the
existence of facts f ∈ F′ with validity intervals i ∈ I!.
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Fazit

Was wurde erreicht?

Framework zur Erstellung/Pflege einer kategorischen, qualitativen Wissensbasis
1 Echtzeitfähigkeit
2 Domänenunabhängigkeit
3 Hochkonfigurierbarer Funktionsumfang (Mapping & Detektion)
4 Einfache Adaption des Musterpools
→ z.B. durch instruierten Domänenexperten (6≡ Programmierer)

Nachgewiesene der Anwendbarkeit in hochdynamischen Szenarien
unter niederfrequenter (→ 5Hz) präziser und verrauschter Sicht
’Graceful Degradation’ der Detektionsqualität

Konkrete Anwendung

Carsten Elfers: ”Aktionsvorhersage durch relationale Hidden Markov Modelle auf
der Basis einer qualitativen raumzeitlichen Repräsentation” [Elf07]

Erfolgreiche Nutzung erstellter Detektionsprotokolle als Lern-Eingabe
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Future Work

Ansatzpunkte für Future Work

� Aufgabenangemessenheit der qualitativen Szenenbeschreibung
� Flexiblere Fokussierungsheuristiken (multiple/dynamische Schlüsselobjekte)
� Detektion taktischer Spielzüge

⊕ Hybride Datenbasis → Nutzung aufbereiteten quantitativen Wissens [Wen03, Mus00]

Umsetzung erweiterter Differenzierung von Bewegungsmustern
⊕ Lerngestützte, (teil-)autonomer Erstellung & Optimierung von Bewegungsmustern

Assoziationsregellernen (MiTemP [Lat07])
⊕ Kollaborative Erstellung einer globalen, konsistenten Wissensbasis

⊕ Expansion in neue Anwendungsdomänen
Sport → Analyse von Fernsehübertragungen [BGB+07]
Biologie → Analyse von Zell- oder Insekten-Bewegungen [BKV01]

⊕ Anbindung einer Planerkennung [BWE07]
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Dank & Demonstration Literatur Realisierte Implementierung Beispiel-Bewegungsmuster

Zu guter Letzt . . .

Danke für die Aufmerksamkeit!

Fragen, Anmerkungen, Kritik

Demo: Live-Analyse

Regelkonformes (verkürztes) Spiel der RoboCup 3D SSL (VW3D vs. SEU)
Coach-Agent analysiert das Spiel und schreibt Ergebnisse in Log-File
Anzeige des Log-Fortschrittes.
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Überblick

Konzeptioneller Überblick – implementierte SCD-System und Integration
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Qualitatives Mapping

Konzeptioneller Überblick – Qualitatives Mapping
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Qualitatives Mapping

Konzeptioneller Überblick – Mapping Engine
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Detektion von Bewegungsmustern

Konzeptioneller Überblick – Detektion von Bewegungsmustern
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Ereignis-Bewegungsmuster

Ereignis-Bewegungsmuster für den ’Standard-Kick’

OCCUR(kick(

reference︷ ︸︸ ︷
shooter ,

diversification︷ ︸︸ ︷
dirglob:8,height, std︸︷︷︸

type

), 〈s, e〉)⇐ (1)

FACT (free_ball , 〈e, inf〉) (2)
∧ FACT (acceleration(ball, increasing), 〈s, e1〉) (3)
∧ DurationAtMax(〈s, e〉,40) (4)
∧ FACT (distance(ball, shooter , touch), 〈s2, e2〉) (5)
∧ (Meets(〈s2, e2〉, 〈s, e〉)∨Contemporary_Of (〈s2, e2〉, 〈s, e〉)) (6)
∧ HOLDS(motion_Dir(ball,dirglob:8), 〈e, e + 1〉) (7)
∧ HOLDS(sorientation(ball, shooter ,dir2), 〈s, s + 1〉) (8)
∧ Opposite_Of (dir ,dir2) (9)
∧ HOLDS(zposition_trend(ball, trend), 〈e, e + 1〉) (10)

∧ Translate
xheight

ztrend (trend ,height) (11)

(→ Konz.)
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Aktions-Bewegungsmuster

Aktions-Bewegungsmuster für ein erfolgreiches ’Atomares Dribbling’

OCCURRING(dribble_atom(

reference︷ ︸︸ ︷
player ,

diversification︷ ︸︸ ︷
dir team:6, success︸ ︷︷ ︸

succ

), 〈s, e〉)⇐ (1)

OCCURRING(self _assist(player ,dir team:6), 〈s, e1〉) (2)
∧ FACT (x_ball_control(player), 〈s2, e2〉) (3)
∧ Meets(〈s, e1〉, 〈s2, e2〉) (4)
∧ OCCUR(kick(player ,_,_, standard), 〈s3, e3〉) (5)
∧ ( Meets(〈s2, e2〉, 〈s3, e3〉)∨BornBeforeDeathOf (〈s2, e2〉, 〈s3, e3〉) ) (6)
∧ Meets(〈s, e〉, 〈s3, e3〉) (7)
∧ C_HOLDS(distance(ball,player , close), 〈s, e〉) (8)

(→ Konz.)

Spatio-Temporal Real-Time Analysis of Dynamic Scenes in the RoboCup 3D Soccer Simulation League (30|20)
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