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Destination Aware Target Tracking
via Syntactic Signal Processing
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Syntactic patterns for Intent Inference
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State-Space Models for target movement are tor short time scales. How to
model these longer time-scale trajectories? How to do Bayesian estimation?




Main ldea: Parsimonious Models
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e How to assist human operators in intent inference? Meta-level signal processing human-
sensor interface (beyond physical sensor)
e Key Paradigm: (i) Stochastic Context-Free Grammar Model
(ii) Reciprocal Markov Processes (1-dimensional Markov random fields).
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SCFG - Advantages

Convenient model to capture domain knowledge of human operator
Polynomial complexity Bayesian algorithms for estimating trajectory type
(originating from Bioinformatics, Durbin, Eddy, Biological Sequence
Analysis, 1998.

Scale-invariance and Rotation-invariance (Robust)

Efficient model (in terms of entropy) since finite state automata are a
subset of context-free grammars
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Trajectory Modeling — beyond

Markoviana

Example 1: Example 2 (cannot be modeled by an
1.Random Walk HMM):
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SCFG vs HMM

HMM (stochastic regular grammar or automata):
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Non terminals = NT = {start, S;, Sz},
Terminals = T = {a, b,end}. Production rules P:

S1 5 aS1, 81 = aSy, S = bSy, S1 > bS» \ 3

512 [JI._.IPA" {.'.[.S_]_, S'_g llf}é ﬂS",h 5,2 [Jﬂﬂ -E.'.IS]_, .S'_g Uji;..ij EJSE ||nn--:|r....d_______
HMM strings grow linearly from left to right.

Example: §1 = aS: = aaS; = aab5;




SCFG vs HMM

Stochastic Context Free grammar: (NT,T, P) with
51 U'—“;; EE-S]_T 31 “—I':-JPj {I-S_g, 51 [J'—dl'h IE!S]_ 81 [ﬂ? -E}S;,g
Sy > aS1, S2 > aSa, 82 > bS1, Sz 3 bSa,
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Remarks:

1.SCFGs are Multi-type Galton Watson Branching processes where the order
matters — each realization is a tree (Directed acyclic graph).

2.Realization Theory: Chomsky normal form, etc

3.Pumping Lemmas —to prove if a grammar does not belong to a particular class




SCFG - Signal Processing
Algorithms

Syntactic Signal Processing: Given data string (also called sequence of

terminals) Y7 = (y1,...,yr) = denotes state, N denotes non-terminal.
| HMM SCFG
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An Arc Trajectory ( a"b*c")
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Summary and References
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Syntactic Models allow for complex trajectories — work seamlessly with
legacy trackers.
Polynomial complexity Bayesian stochastic parsing (filtering) algorithms

Human—sensor interface — SCFG parsing assists human in intent inference.
System-theoretic issues: Sub-criticality (polynomial stability); Constraints.
Sensitivity of posterior distribution to prior.
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