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Recent advances in automatic speech recognition (ASR) technology continue to be
based heavily on data-driven methods, which means that the full bene�ts of such re-
search are often not enjoyed in domains for which there is little training data, such as
for air tra�c control (ATC). Moreover, tractability is often an issue with these methods
when conditioning for long-distance dependencies; This entails that many higher-level
knowledge sources (KSs) such as situational knowledge cannot be easily utilised in clas-
si�cation.
In this thesis, it is shown that classi�cation accuracy in ASR can be improved through

lattice re-scoring by using dynamic, high-level situational knowledge about the context
in which the ASR system is used. Although usage of higher-level knowledge has already
been employed in lattice re-scoring, this thesis describes a novel approach for encoding
dynamic, context-sensitive domain knowledge as dynamic declarative constraints which
are then evaluated using a situational model of the given context, formulating knowledge-
based re-scoring as a constraint satisfaction problem which is used to bias the original
classi�cation.
By using this method with a wide-coverage grammar, it was possible to reduce the word

error rate (WER) by roughly 80% over the baseline for classi�cation of spoken commands
in an ATC simulation when using a combination of constraints encoding multiple KSs.
Furthermore, this was accomplished with symbolic rather than data-driven methods, and
so it can be used in any domain, regardless of the amount of training data available.



`It is an old maxim of mine that when you have excluded the impossible,
whatever remains, however improbable, must be the truth.'
� Sherlock Holmes, The Adventure of the Beryl Coronet

(Sir Arthur Conan Doyle, 1892)
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1. Motivation

Despite the progress made in ASR in speci�c and probabilistic classi�cation in general,
these advances continue to be based heavily on data-driven methods, and the requirement
for ever-increasing amounts of training data means that the best results often cannot be
achieved for small domains with little training data and for which cross-domain adapta-
tion may not work [47]. However, Moore [47] explained that human beings themselves
prove that massive amounts of training data and computing time is not necessary for
high-accuracy speech recognition, achieving `near perfect' accuracy at a `-3dB signal-
to-noise ratio' [47, p. 1177] largely independent of domain: By utilising an amount of
redundancy present in discourse, humans can induce missing information so well that
they are not only able to repair a noisy information signal but also to hyper-correct it,
inferring information which was originally never actually communicated.
Moreover, many traditional methods in data-driven inference entail that the feature set

used for conditioning is largely restricted to local features due to tractability concerns [44]:
This means that long-distance and global dependencies cannot be e�ectively inferred,
limiting the ability for such methods to model complex natural phenomena like human
speech and dialogue.
Nevertheless, there has been much recent research into novel methods for utilising many

di�erent knowledge sources (KSs) [20] to improve accuracy, including incorporating
such knowledge into lattice re-scoring methods for ASR [cf. 40, 61]. Similarly, such
knowledge has also been successfully incorporated into inference through declarative
methods such as integer linear programming [cf. 6, 7, 44, 51].
However, most of these methods are employed in the inference stage of classi�cation,

regardless of how exactly they incorporate knowledge into classi�cation. Therefore, such
methods still may not achieve optimal results in a domain where there is a severe lack
of in-domain training data, for example, in the domain of air tra�c control (due to the
fact that proper annotation of ATC recordings is expensive and time-consuming due to
noise and other issues). Moreover, the lack of training data for a given domain does
not entail a lack of demand for high-accuracy classi�cation in the domain. Furthermore,
previously-unseen events must always be dealt with during probabilistic classi�cation
regardless of the size of the training data set available [43, pp. 198 sqq.].
Due to these reasons, it seems that the ability to utilise multiple dynamic higher-level

KSs for knowledge-based reasoning would also be highly e�ective when applied at a stage
after inference. Although some state-dependent systems such as dialogue systems employ
a degree of dynamic knowledge [cf. 75], this remains largely unattempted in lattice re-
scoring, which is already a ubiquitous method for improving classi�cation accuracy in
ASR.
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2. Objective

This thesis describes an experiment to improve ASR classi�cation accuracy in the domain
of ATC. This is done by re-scoring the ASR lattice output using higher-level KSs speci�c
to the domain: The two main sources of knowledge utilised are the knowledge of possi-
ble referents (i.e. aircraft) in a given ATC scenario and physical knowledge about next
possible aircraft states given their current state. Knowledge from these KSs is encoded
as declarative constraints in order to calculate a knowledge score [40] for a classi�cation
hypothesis which is dependent on the state of the ATC scenario at hand. This knowledge
score based on dynamic situational knowledge is then combined with the probabilistic
score of the acoustic and language models used in ASR to increase the accuracy in clas-
sifying utterances situated in a dynamic context.
Natural language is situated in context, being dependent on the situation in which a

dialogue takes place [35, pp. 311-316]. Although such situational knowledge cannot be
always easily incorporated into probabilistic models directly due to tractability issues,
such information can be utilised to improve classi�cation accuracy in non-probabilistic
ways by using such knowledge to eliminate hypotheses which are implausible given the
context in question, regardless of the probability of the hypothesis � in the words of
Sherlock Holmes, `. . . when you have excluded the impossible, whatever remains, however
improbable, must be the truth' [15].
This thesis is structured as follows: First, a review of previous related work is provided

in chapter 3 on the following page. Then, chapter 4 on page 27 describes the methods
used for obtaining a corpus of recorded ATC commands and information about the
ATC scenario context in which they were given and the ASR system used for initial
classi�cation hypothesis scoring is expounded in chapter 5 on page 31. In chapter 6
on page 38, the re-scoring of the lattices output by the ASR system is explained and
the metrics used for evaluating the e�ectiveness of re-scoring is described in chapter 7
on page 44. Chapter 8 on page 48 discusses the baseline classi�cation accuracy for the
ASR system, before re-scoring; The results after re-scoring are speci�ed in chapter 9 on
page 54. The interpretation of these results is detailed in chapter 10 on page 64 and
chapter 10 on page 64 expounds the implications of these results for research in ASR,
re-scoring techniques and probabilistic classi�cation in general. The thesis conclusion is
summarised in chapter 12 on page 75, with chapter 13 on page 76 detailing future work
needed to adapt the methods used in this thesis into a production-quality prototype
for practical use. Finally, the details of the ATC corpus are listed in appendix B on
page 81 and those on the grammar and language models used for ASR classi�cation
in appendix C on page 84; The lattice search algorithm used for scoring is detailed in
chapter D on page 95, and details on the baseline results are listed in appendix F on
page 102 while details on the results after re-scoring are listed in appendix G on page 105.
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3. Previous work

3.1. Air tra�c control

Air tra�c control (ATC) is a process by which aircraft in a given controlled airspace (e.g.
near an airport) are directed by controllers (usually on the ground) in order to ensure safe
and e�cient travel through the airspace. This is principally done through maintaining
separation of aircraft in the controlled airspace: In other words, aircraft must be guided
to their destination while maintaining a safe distance from every other aircraft in the
three-dimensional airspace, whether the destination is to land at the airport itself or
to pass through the airspace in order to enter another one. This is typically done by
recording �ight information about individual aircraft (e.g. their position, speed and
current goal(s)) and deciding an ideal pattern of air tra�c for the airspace and how/
where each individual aircraft should �t into that pattern. Verbal (i.e. radio) commands
are then issued to individual aircraft to set them on a course which �ts in this pattern;
A pilot is not allowed to change airspeed, altitude or heading without explicit clearance
from ATC operations beforehand. However, fatigue is one of the biggest problems of
these multi-modal input requirements when combined with the volume of even routine
air tra�c: This means that air tra�c controllers must take frequent breaks in order to
avoid fatigue-related performance problems, increasing the cost of ATC operations.
A large number of ATC scenarios are routine and so there exists a well-de�ned pattern

template which can be used without requiring active problem-solving skills from the
controller(s). However, there is a small number of low-frequency (typically unexpected)
scenarios for which active problem-solving skills are essential [58, pp. 45�57]. Therefore,
a large portion of a controller's energy is devoted to monitoring and directing situations
which in fact do not utilise a controller's full cognitive abilities, causing fatigue and
keeping him or her from focusing all of his cognitive resources on situations which do
require all of them. Due to this fact, much e�ort in ATC-related research has been
directed at developing automated systems to which a controller can choose to delegate
routine functions, enabling him/her to direct more of his/her attention and cognitive
resources to situations which require active problem-solving skills [58, p. 45].

3.1.1. ATC simulation

In an e�ort to improve the quality and cost of ATC training, the use of ATC simulators in
the training of air tra�c controllers has become widespread [58, p. 15]. These simulators
generate a model of an airspace, in which information regarding aircraft is generated by
the simulation, e.g. for visual display on a computer screen. This is in contrast to real-life
ATC scenarios where such information is induced from sensor input (e.g. most principally
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from radar). Although simulators can also facilitate training for and rehearsal of routine
ATC scenarios, perhaps the main advantage of simulation-based training is the ability
to safely and inexpensively generate speci�c situations which may have a low probability
of occurring in real life yet for which controllers must be well-prepared.
Moreover, ATC simulation not only used for training but is also used for research:

A simulation environment provides an environment for experimentation in which many
variables can be more easily controlled than in real life [58, pp. 16�23]. Through ex-
perimentation, not only can controller behaviour be studied, but new technologies and
controller interfaces (e.g. new workstation designs) can be tested in an e�ort to e.g.
improve situational awareness and reduce controller fatigue.

3.1.2. Arrival management

One application of ATC research is into arrival manager (AMAN) systems, which
assist air tra�c controllers in managing the �ow of arriving aircraft, i.e. aircraft which are
scheduled to land in the airspace being controlled. Through the use of such systems, many
duties which once were done manually can be automated; See �gure 3.1 on the following
page for an example of a graphical user interface (GUI) for such a system. The most
notable feature of AMAN software for this experiment is the computerised management
of aircraft �ight progress: Tracking and predicting/planning current and future aircraft
position, heading and altitude was once done by a combination of manually monitoring
radar displays and using �ight strips � paper indicators of aircraft �ight progress which
are maintained on a strip board representing all aircraft in an airspace. These systems
are now generally computerised, allowing more e�cient arrival management.

3.1.3. Automatic speech recognition in ATC

Automatic speech recognition (ASR) is another technology which has been used in many
e�orts to automate ATC operations: Through the automatic recognition of verbal com-
mands issued to pilots, it is possible to render much information redundant which is
traditionally recorded manually by the controller.
However, there are multiple problems which must be addressed in ASR-based ATC

operations: Figure 3.2 on page 20 illustrates the control �ow for the processing of con-
troller input into ATC system output (e.g. a visual display). Each stage in this noisy
channel is a potential source for errors, which are then propagated to the remaining
sub-processes [60].

Non-relevant language

Controllers are trained to issue commands in a simple, regular manner with an ATC-
speci�c phraseology standardised by the International Civil Aviation Organisation
(ICAO) [2]. These standards also mandate that language which is not directly rele-
vant to ATC be avoided. Such non-target language comprises not only �llers such as
uh and er but also phatic expressions such as hello and good morning (see �gure 3.2 on
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a

b

Figure 3.1.: An example GUI for AMAN software used by air tra�c controllers, in this
case that of the 4D-CARMA RadarVision AMAN client [27]. Commands
which are to be issued to aircraft appear on the advisory stack (labelled as a),
which is positioned above an integrated �ight information display (labelled
as b), which displays radar data as well as other information related to arrival
management.

the following page) [42]. Finally, all ATC commands at an airport serving international
�ights must be issued in English.
However, in practice, controllers do not conform exactly to these standards [58, p. 20].

This non-relevant language must be part of the ASR acoustic and language models in
order to avoid mis-recognition of non-relevant language as relevant language, thus in-
creasing the size data set needed for training; This non-relevant data can be considered
`information noise' � information which is not relevant to the task at hand but can
nevertheless cause errors in the recognition of relevant information.

Acoustic noise

Another problem is of acoustic noise, speci�cally background noise: Although environ-
ments in which ATC operations are performed are ideally quiet, maintaining an environ-
ment which is completely silent except for the issuing of ATC commands is infeasible.
No matter how well background noise is �ltered, it cannot be eliminated entirely. There-
fore, an information stream composed of both relevant and non-relevant language will be
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Figure 3.2.: The error propagation problem present in automatic event recognition for
ATC operations, illustrating potential noise sources at each stage in the
information channel for event recognition.

Non-relevant language

good morning . . . uh . . .

Acoustic noise

Background noise

Signal noise

Technical issues

Output
Lufthansa 72N270º

2000 ft
QNH 1014

170 KIAS

Event recognition error

NLU
Lufthansa six four

five descend altitude

four thousand feet

ASR error

ASR

encoded as an acoustic signal with a signi�cant portion of error-producing noise.

Signal noise

This informationally and acoustically noisy channel is then (imperfectly) converted into
an electric signal by a microphone, which introduces the potential for further error.
Furthermore, in a real-world scenario, information received by and from aircraft pilots
is done so typically through very high frequency (VHF) radio; Errors in the VHF signal
can be caused by e.g. electromagnetic atmospheric disturbances.

ASR errors

The noisy electromagnetic signal representing an acoustic signal (which is noisy in itself)
may be mis-recognised by the ASR system, e.g. due to the model being imperfect. Al-
though the model can be trained with data incorporating non-relevant language as well as
background and electromagnetic noise, this subsequently increases the size of the domain
being modelled, making recognition more di�cult due to problems associated with such
a relatively heterogeneous domain [cf. 25]. Furthermore, the amount of quality training
data available in the domain of ATC is relatively small, especially when accommodating
for the noise sources described above.

Event recognition errors

Finally, the (potentially incorrect) ASR label of the informationally, acoustically and
electromagnetically noisy channel is interpreted by a natural language understanding
(NLU) unit [cf. 32, pp. 858�861], recognising the ATC event denoted by the utterance.
This recognised event is then e.g. converted to a visual representation for display or
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transmitted to other systems. Although the event may be correctly recognised by a
human listener, the amount of error (e.g. propagated from preceding processes) may cause
the ATC event to be mis-recognised. In a sensitive task like ATC, a mis-recognition may
have serious consequences, e.g. possibly leading to lack of aircraft separation (the main
task in ATC operations) and therefore possibly leading to a dangerous in-�ight incident
which can disrupt normal airspace operations or, in extreme cases, to a mid-air collision.

Solutions

Although theses noise sources and subsequent causes of potential error can be mitigated,
they cannot be eliminated entirely. As stated above, by adhering to the language spec-
i�ed by the ICAO [2] and maintaining a professional code of conduct within the ATC
environment, non-relevant language and background noise can be minimised. Electro-
magnetic noise can be reduced through the use of high-quality recording and transmission
equipment.
Reducing ASR errors is more complicated, however: The accuracy and performance

of an ASR system is dependent on the size of the search space involved, just as many
other problems related to information theory [cf. 43, pp. 61�78] � Generally, as the set
of possible solutions increases, so does the perplexity of the system. However, there is
little training data in the domain of ATC which can be used to create high-accuracy
acoustic and language models for ASR, and this problem is exasperated by the need
to incorporate the preceding noise sources as variables into the acoustic and language
models used in ATC.
Nevertheless, much work has been done in improving ASR speci�cally for ATC, es-

pecially in e.g. cross-domain adaption to the domain of ATC [cf. 11]. More notably,
however, is that KSs speci�c to ATC have been used in various ways to improve classi-
�cation accuracy, such as separation patterns and general decision making in ATC [cf.
58].

3.1.4. Relevance

In the experiment done for this thesis, the accuracy of the automatic classi�cation of ATC
commands was improved through lattice re-scoring in the domain of a simulated ATC
scenario, using AMAN software to generate and display the simulation to the recording
participants, who read the commands prompted by the AMAN aloud for recording. The
re-scoring method utilised the information from the simulation to incorporate situational
knowledge speci�c to the ATC scenario in which the utterances were made, and thus KSs
were used similar to the ones used by Schäfer [58].

3.2. Automatic speech recognition

Pattern recognition methods have been used to label spoken language since as early as
the middle of the twentieth century, such as in the system developed by Davis, Biddulph
and Balashek [12] for recognising numerals spoken in isolation. However, this �rst system
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could only reliably recognise a single speaker, to whom the system had been con�gured
[59, pp. 11 sqq.]. Since then, automatic speech recognition (ASR) has improved and
matured as an industry, with many e�ective, robust ASR systems for many di�erent
platforms available both commercially [cf. 16] and in the open-source domain [cf. 56, 70,
73].

3.2.1. Current trends

With state-of-the-art methods, an ASR system can expect to have a WER of roughly
3% or lower and an SER of roughly 12% or lower when trained on a small, relatively
homogeneous domain for which there is su�cient high-quality training data available
[47]. However, systems designed for larger domains and more general use show signi�-
cantly worse results [76, p. 131]. While ASR accuracy continues to improve, the amount
training data required to achieve these improvements also continues to increase, leading
to diminishing returns [47, pp. 1176�1179].
Due to these diminishing improvements, more research is beginning to incorporate

information from more KSs [20, p. 218] than only acoustic information and the lexical/
morpho-syntactic information represented in language models, including dialogue-state
information and semantic/pragmatic information [cf. 20, 21, 34, 40, 47, 58, 61, 76, 77,
78].

3.2.2. Relevance

In the experiment done for this thesis, a state-of-the-art ASR system [73] was used
for the classi�cation of ATC commands, producing a set of classi�cation hypotheses as
word lattices (see section 5.5 on page 34) which was then re-scored (see section 3.4 on
the following page) using dynamic knowledge-based reasoning to improve accuracy in a
dynamic context, as described in chapter 6 on page 38.

3.3. Knowledge sources

The idea of using additional KSs for improving ASR accuracy has been actively pursued
for some time. Although traditional ASR systems often use only acoustic and lexical, and
syntactic knowledge to label input, a number of other KSs have been used for constraining
ASR output, all of which have proved e�ective in reducing classi�cation errors.

3.3.1. Dialogue state

Many systems use dialogue structure to constrain ASR output to utterances which are
expected given the dialogue state [cf. 21, 34]. For example, Fink and Biermann [21] cre-
ated a history-based expectation model from sequences of spoken utterances in dialogue
and their associated actions; Similarly, Young [76] created a hierarchical dialogue tree of
dialogue (sub-)goals which may be pursued and accomplished given the current dialogue
state [76, p. 132].
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3.3.2. Semantics

Many systems not only incorporate dialogue-state knowledge into their predictions but
also incorporate constraints based on semantic inference. For example, not only did
Young [76] created a frame language-based semantic model de�ning all domain objects
and their attributes � for example, both helicopter and ship may be part of the model
universe represented by the semantic model, but only helicopter has an altitude at-
tribute. Using this semantic information, inferences about possible next commands can
be made, constraining the next possible commands to those which are semantically and
pragmatically valid. Similarly to as done by Young [76], Schäfer [58] utilised a reasoning
system which uses semantic knowledge speci�c to ATC in predicting a controller's next
command.

3.3.3. Situational knowledge

Some systems attempt to directly model the universe in which a dialogue takes place,
making inferences about what can physically happen next: For example, Schäfer [58]
used simulation data to predict what a given aircraft's future status will be (e.g. at what
altitude and airspeed it will be �ying at), and what possible con�icts may occur which
must be resolved by the controller [58, pp. 59�60].

3.3.4. Relevance

In the experiment described in this thesis, KSs speci�c to ATC were used for improving in-
domain ASR accuracy: The knowledge encoded in the re-scoring method used situational
and semantic knowledge similar to some of that used by Schäfer [58], most notably using
situational �ight information about the aircraft in a given airspace.

3.4. Classi�cation hypothesis re-scoring

In order to improve classi�cation accuracy where tractability or lack of su�cient training
data is a concern, one common practice is to re-score a set of initial classi�cation hy-
potheses generated with a given probabilistic distribution using additional methods [49].
The main advantage of such a method is that additional knowledge can be incorporated
into classi�cation using previously-trained models: In this way, such knowledge can be
applied even if it may be di�cult to incorporate it directly into the original model(s) as
features, e.g. if using an o�-the-shelf classi�er or for classi�cation in domains for which
it is di�cult to acquire a large set of training data which incorporates all the features
desired.
Re-scoring is often done by combining this original score with the score of a relatively

more sophisticated model: For example, in the case of ASR, relatively simple acoustic
and language models are often used for the initial decoding and are re-scored using more
sophisticated versions [cf. 41]. Such scores can also be calculated using other methods,
such as by optimising expected WER based on the posterior distribution [cf. 63]. Lastly,
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it is possible to utilise additional KSs, which are not encoded by the features used by the
original model(s), e.g. articulatory knowledge [cf. 40, 61].

3.4.1. Relevance

In the experiment done for this thesis, the accuracy of the ASR system described in
section 3.2 on page 21 was improved through lattice re-scoring using KSs speci�c to
ATC, as described in section 3.1 on page 17. However, unlike the methods described
in the previous section, dynamic contextual knowledge was used for lattice re-scoring in
addition to static knowledge such as that used by Li, Tsao and Lee [40].

3.5. Constraint programming

There is considerable recent interest in applying declarative programming methods to
NLP tasks, most notably integer linear programming (ILP) [cf. 6, 7, 8, 22, 36, 44, 50]
but also constraint programming (CP) [cf. 17, 24, 29]. Both of these paradigms
are very similar in that they are used to �nd a solution to a problem subject to a set of
constraints. Likewise, both are particularly useful for NLP in that they can easily encode
non-local features which cannot be easily inferred from training data in a tractable way
[8, 44]. Due to this property, they are useful for encoding knowledge from higher-level
KSs into classi�cation (see section 3.4 on the preceding page).
However, there are a number of di�erences between ILP and CP: Namely, in ILP,

constraints may only be de�ned as either variable equalities or inequalities for integer
values, while CP may incorporate mathematical constraints as well as logical constraints.
Moreover, there is typically only one optimal solution for an ILP optimisation problem
while there may be multiple valid solutions in a constraint satisfaction problem

(CSP), in which at least one solution out of a set of multiple hypotheses is found which
satis�es a set of constraints used in the de�nition of the problem [17, pp. 5 sqq., 24, 55,
pp. 137�160].
A CSP is derived from a set of constraint evaluation functions C ≡ {ci(·)}, where the

function ci : Z 7→ B evaluates a vector of variables z ∈ Z ≡
[
z1 · · · zn

]
against the

semantic predicate encoded by the constraint [24]. Therefore, a solution to the CSP ẑ is
that which satis�es all the constraints

∑
ci∈C ci(ẑ) = 0.

3.5.1. Weighted constraints

Although constraints in a classic CSP are hard and thus a solution must satisfy all
of them, it is possible to de�ne a penalty weight pi for violating each constraint ci,
therefore de�ning the most preferential solution ẑ as that which minimises the product
of the constraint functions and their weights pᵀC(z) [13].
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3.5.2. Dynamic constraints

Furthermore, a constraint evaluation function ci(·) in a classic CSP is static: An input z
will always evaluate to the same value B regardless of context. Nevertheless, it is possible
to de�ne dynamic constraints which encode context-sensitive predicates [cf. 14, 68].
In this way, it can be possible to evaluate knowledge which may change over time as a
function fC(x, z) which is not only dependent on the solution itself z but also the context
in which the solution is required x.

3.5.3. Relevance

In the experiment described in this thesis, lattice re-scoring was performed by de�ning a
weighted CSP using declarative constraints which encode dynamic situational knowledge
speci�c to ATC (see section 3.1 on page 17); This CSP was used during lattice re-scoring
to bias the classi�cation score of the ASR system used in the experiment in order to
improve the accuracy of classi�cation in the given context. Moreover, it not only utilises
static knowledge such as done by e.g. Li, Tsao and Lee [40] but also dynamic contextual
knowledge, and is therefore sensitive to the context in which the utterance to be classi�ed
was made.
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Part II.

Methods
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4. Corpus

For the experiment, a corpus of spoken ATC commands in the context of a dynamic ATC
simulation was recorded, from which ASR recognition lattices were generated as output
from an ASR system using the recordings as input (see section 5.5 on page 34). These
lattices were used then re-scored using contextual knowledge (see chapter 6 on page 38).

4.1. Participants

Sixteen di�erent participants recorded a total of 1,107 ATC commands, with a mean
69.1875 commands per participant; None of the participants had previous experience
with ATC operations. Self-identi�ed by native language, eight of the participants were
German speakers, three were (American/Canadian) English speakers, and there were two
Greek, one Malayalam, one Romanian and one Russian speaker. Twelve of participants
were male and four were female. All of the participants were employees or students at
Saarland University. The number of utterances attributed to each participant and to
each native language and gender are listed in table B.1 on page 81.

4.2. Materials

In order to create a context in which to give ATC commands for recording, arrival
manager (AMAN) software was used to prompt the participants to give pre-de�ned
commands at pre-de�ned times in an ATC simulation. The same simulation was used for
each participant, and, in addition to audio recording of the ATC commands, the time of
each utterance was recorded. The AMAN logs simulation information at timed intervals
(e.g. radar data indicating aircraft airspeed, heading, etc.); Recording the time of each
utterance along logging such situational information allows the context in which each
utterance is said to be inferred.

4.2.1. Software

The AMAN software used for simulation in the experiment was the 4-Dimensional Co-
operative Arrival Manager (4D-CARMA) [28]. The simulation generated a dynamic
advisory stack of commands which were to be read aloud within a certain time frame
(generally within 30 seconds of the command being pushed into the advisory stack). The
simulation information provided by the 4D-CARMA server was displayed via the 4D-
CARMA RadarVision∗ client graphical user interface (GUI) [27]. The software displays

∗RadarVision version 10.54 was used in this experiment.
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an advisory stack visually in a moveable window on top of a display showing radar
data along with other aircraft �ight information (see �gure 3.1 on page 19): Each item
in the advisory stack represents a command an aircraft in the airspace is to execute.
Due to the fact that the AMAN software was used for recording ATC commands and

data about the situational context in which they were issued, the procedure followed
by the recording participants for using the system was di�erent from that in true ATC
operations [cf. 2, 27]: The participants were prompted to read the commands aloud as
they were generated by the 4D-CARMA simulator and displayed on the advisory stack
of the RadarVision GUI.
The advisory stack information as used for prompting ATC commands is de�ned as

follows: The callsign of the aircraft is displayed (e.g. AF418 (read as Air France four one
eight ) and QFA6 (read as Qantas six ) in �gure 3.1 on page 19) along with the type of
action the aircraft is to execute (e.g. Descent ∼= descend and Turn Left ∼= turn left ) a
value for the action (e.g. FL70 ∼= �ight level seven zero and 25R ∼= heading two �ve zero
� the heading the aircraft must turn toward runway two �ve right †). Lastly, a time is
indicated in seconds which denotes the end of the time envelope in which the command
should be issued (e.g. +10 and +19). For example, the two commands on the advisory
stack in �gure 3.1 on page 19 would be read aloud as follows:

+10 AF418 Descent FL70 Air France four one eight descend �ight level seven zero (the
command must be issued within 10 seconds)

+19 QFA6 Turn Left 25R Qantas six turn left heading two �ve zero (the command must
be issued within 19 seconds)

4.2.2. Hardware

The recordings were made using a Dell Optiplex desktop PC with an Intel Core 2 Quad
2.83GHz CPU and 8GB of RAM running OpenSUSE version 11.3 AMD64 through a
Sennheiser PC320 noise-cancelling headset. Recording was controlled through a push-
to-talk interface in which hitting the enter key on a keyboard toggled recording on and
o�. The same PC was simultaneously used to run the 4D-CARMA server.
The RadarVision simulation software was run on a Lenovo Thinkpad X2005 notebook

PC with an Intel Core Duo 1.86GHz CPU and 2GB of RAM running Microsoft Windows
XP Professional 2002 SP3, displayed on a Dell 24� LCD monitor at 1920×1200 resolution.
The RadarVision client was connected to the 4D-CARMA server by networking the two
PCs in a two-PC LAN using a Netgear G5105 router.

†According to proper ATC procedure, a command to turn toward a runway for landing is issued as
Callsign turn Direction heading Heading, cleared runway Runway, e.g. Qantas six turn left

heading two �ve zero, cleared runway two �ve right [2]. However, in this experiment, the command
is abridged to Callsign turn Direction heading Heading in order to simplify both the language
and situation model.
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4.2.3. Test simulation details

In this experiment, the AMAN simulation airspace featured in total 31 unique aircraft
to which commands could be issued. However, at any one time there was a maximum of
11 and a mean of 8.76 aircraft in the air to which commands could be issued.
The duration of the entire simulation is approximately one hour, but the participants

were required neither to say every command in the simulation (they were instructed to
prefer reading out a smaller number of commands correctly over reading out a larger
number of commands incorrectly) nor to continue recording until the end of the simula-
tion. Likewise, the participants practiced with the simulation and recording set-up for
a varying period of time before recording: Therefore, a varying amount of data was dis-
carded from the start of each session. The maximum recording session length was 54:07
minutes of simulation time in duration and the mean recording session length was 39:49.5
minutes of simulation time. The total recording time was 10:37:12 hours of simulation
time. For details on individual recording sessions, see table B.3 on page 82.
In addition to discarding the initial `practice phase' of each session, the recordings

were reviewed manually and all utterances were discarded which either were deemed to
not comply to the ICAO phraseology or did not match the command prompted by the
advisory stack at the given time.

4.2.4. Command format

The ATC commands which were read by the participants (in English) adhere to the
ICAO standard phraseology as described in section 3.1.3 on page 18. Each command
consists of an aircraft callsign (e.g. Air France four one eight ∼= AF418) followed by a
goal action to execute (e.g. descend ∼= Descent) and a goal value to achieve during that
action (e.g. �ight level seven zero ∼= FL70). The ATC system grammar covers exactly
such utterances and no more (see section 5.3 on page 32 for details).

4.2.5. Callsigns

Each command consists �rst of an aircraft callsign (e.g. Air France four one eight
∼= AF418), a sequence of words which unambiguously refers to a single aircraft in the
airspace. Each callsign comprises an airline designator, e.g. Air France in the case
of Air France four one eight ∼= AF418 (i.e. denoted by AF in AF[0-9]+) or Qantas in
Qantas six ∼= QFA6 (i.e. denoted by QFA in QFA[0-9]+). Furthermore, each callsign has
a �ight number following the airline designator: This is a numeric expression of one to
four numbers‡ which denotes the individual �ight, e.g. four one eight in the case of Air
France four one eight ∼= AF418 (i.e. denoted by 418 in [A-Z]+418).

‡A �ight number may in fact be an alphanumeric of arbitrary length rather than comprising strictly
one to four numerals (e.g. bravo two three eight ∼= B238) [1, p. 4-2-7]. However, in this experiment,
�ight numbers are restricted to numeric expressions of one to four numerals.
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4.2.6. Command goals

Following an aircraft callsign is the command goal, a description of the action the given
aircraft is to execute, e.g. descend �ight level seven zero ∼= Descent FL70 (i.e. the aircraft
is to descend to �ight level 70).� A command goal is composed of a goal action, such
as descend ∼= Descent or reduce speed ∼= Reduce, and a following goal value which the
aircraft is to achieve (e.g. �ight level seven zero ∼= FL70).

4.2.7. Pronunciation

The participants were instructed to say the ATC commands clearly while still maintaining
a `normal' tone, volume and rate of speech and to minimise any non-relevant language.
In addition, in accordance with ICAO standards, the participants were instructed to
pronounce 3 ∼= three as tree /"tôi:/ and 9 ∼= nine as niner /"naI.n@(ô)/.

4.3. Procedure

The 4D-CARMA/recording server PC and RadarVision client PC were both set up on
a computer desk in a room approximately 14m2 in size. The participants read the ATC
commands aloud as they appeared on the RadarVision advisory stack display. Each
utterance was recorded in isolation (i.e. the recording was started and stopped once for
each utterance): The participants were instructed to start recording for each command
by pressing the enter key on the keyboard of the server PC about a second before the
utterance, and to press enter again about a second after the end of the utterance in order
to stop recording.
The participants were instructed in the command format and were told to focus on

reading the commands out correctly over reading all the commands out, i.e. to favour
fewer, more correct utterances over more, less correct utterances. They were allowed
to practice with the system until they were ready to start the recording; all recordings
during the practice session were later discarded. The recording session was then stopped
after either one hour of simulation time (the approximate length of the entire simulation)
or when the participant wished to stop.

�A �ight level is a standard nominal altitude in hundreds of feet, calculated using international
standard air pressure rather than the actual local air pressure.
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5. ASR classi�cation

The corpus recordings were used as input for an ASR system to output 2,214 weighted
phone-to-word lattices, each representing the ASR network for an input x: Two di�erent
grammars were used (one with a relatively low perplexity and the other with a relatively
high perplexity) to classify each of the 1,107 utterances, resulting in 1,107 lattices per
grammar and 2,214 weighted phone-to-word lattices in total (see section 5.5 on page 34
for more details).
The ASR system used is based on Millennium, a set of dynamically-linkable shared-

object libraries accessible through the Python interpreter [52, 73, pp. 497 sqq.]. This
system extracts a time series of acoustic feature vectors from an input signal x and uses
this as input to a series of cascaded context-sensitive HMMs in order to create a phone-
to-word lattice represented as a �nite state transducer [41, 57]. This lattice represents
the classi�cation score fΦ(x, y) for a word label hypothesis y.

5.1. De�nition

Classi�cation using Millennium (as with most ASR systems) is formally a linear clas-

si�cation task [5, pp. 605�652]; The probabilistic model used for linear classi�cation is
composed of disjoint classes with discrete decision boundaries between them [5, p. 179],
e.g. as in Hidden Markov Models (HMMs) [cf. 30, 47, 59]. Such a linear model is de�ned
as a set of feature functions Φ ≡ {φi(·)} (where φi : X × Y 7→ R) with a corresponding
weight vector w. According to such a model, the conditional probability P (y | x) of a
hypothesis y (typically a sequence of word labels) for an acoustic signal x is equivalent
to the linear combination of these feature and weight vectors [7, p. 34, 63, p. 163]:

P (y | x) ≡ fΦ(x, y)

≡ wᵀΦ(x, y)

Φ ≡ {φi(·)} where φi : X × Y 7→ R
(5.1.1)

The advantage of linear methods over non-linear ones is their tractability and many
tasks in NLP (including ASR) can be formulated as linearly-separable problems. How-
ever, non-local features cannot be easily incorporated into such models while maintaining
tractability. Nevertheless, this linearity also means it is possible to re-score an input-
output pair 〈x, y〉 by simply adding a constant term f ′Φ(x, y) ≡ fΦ(x, y) + p; In this
way, the constraint-based re-scoring function fC(x, y) can be easily incorporated (see
chapter 6 on page 38 for details).

31



5.2. Vocabulary

The vocabulary Γ used by the two grammars is composed of 78 symbols, including ε.
These symbols (with the exception of ε) primarily represent word labels corresponding
to natural-language words such as descend ∼= descend and air_france ∼= Air France ,
meta-linguistic information such as __pause__. However, the vocabulary also includes a
number of symbols representing various semantic concepts related to ATC, e.g. the XML
tag set <airspeed> denotes an Airspeed concept, with the concept value represented by
the word labels between the tags, e.g. <airspeed> two two zero </airspeed> ∼= 220

(knots) airspeed (see section 4.2.4 on page 29 for further details); These semantic concept
labels are used to facilitate concept extraction for template-based semantic evaluation
[cf. 71] during knowledge-based re-scoring (see section 6.2 on page 38 and appendix E
on page 100). These semantic concept labels are omitted when measuring classi�cation
accuracy due to the face that they do not represent natural-language words (see chapter 7
on page 44).
Therefore, the vocabulary of output labels Γ comprises two sub-sets, of labels which

correspond to natural-language words Γword and of labels which do not Γword (Γword ≡
Γ \ Γword). The set of non-word labels Γword includes these concept symbols as well as
other non-word labels such as ε and __pause__.

5.3. Grammars

The grammar used for training the language model used in ASR classi�cation is a context-
free grammar (CFG) described in the Nuance grammar format [48]. Two di�erent gram-
mars were used to train two di�erent language models, each of which were then used
to classify each utterance in the corpus: One grammar is relatively restricted with rela-
tively narrow coverage and low perplexity, and the other is relatively unrestricted, with
relatively broad coverage and high perplexity.

5.3.1. Restricted grammar

The grammar which was used to create one set of lattices is relatively restricted: The
grammar covers only 35 unique callsigns � the 31 callsigns in the simulation plus four
which were not used in the simulation (see section C.3 on page 88 for further details).

Perplexity

The restricted grammar has a relatively low perplexity of 6.19315214 ·1017 when deriving
perplexity from Shannon entropy (instead of cross entropy, as is often done) [43, p. 78]
and using the maximum likelihood estimate (MLE) [43, pp. 197 sqq.] as the probability
of a sentence P (s ∈ Srestricted) from the set of all unique sentences able to be produced
by the restricted grammar Srestricted: See section C.1 on page 84 for further details on
this derivation of grammar perplexity.
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Purpose

The results of tests using this grammar represent the accuracy of the ASR system using
the most-constrained grammar possible for the given domain at hand (i.e. for the single
given ATC simulation in which the utterances were made). The accuracy of the system
using this narrow-coverage system is the ideal goal during the re-scoring experiments:
Given a wider-coverage system, the ideal goal of the re-scoring experiment is to achieve
accuracy which is comparable to or better than the accuracy of the system using the
narrow-coverage, restricted grammar.

5.3.2. Unrestricted grammar

The grammar which was used to create the second set of lattices is relatively unrestricted,
covering callsigns comprising any combination of airline designator and �ight number and
numeric expressions comprising any combination of one to four numerals. Therefore,
the grammar covers 244,220 unique callsign label sequences representing 122,210 unique
callsigns � with 11 airline designators · (10 one-digit �ight numbers + 100 two-digit
�ight numbers + 1,000 three-digit numbers + 10,000 four-digit �ight numbers) · 2 for one
variant with __pause__ (e.g. <callsign> <airline> adria </airline> __pause__

<flightnumber> two three </flightnumber> </callsign>) and one without (e.g.
<callsign> <airline> adria </airline> <flightnumber> two three

</flightnumber> </callsign>) (see section C.4 on page 92 for further details).

Perplexity

The perplexity of the unrestricted grammar is 8.571322368 ·1020, which is relatively high:
This value is approximately 1,383 times that of the restricted grammar (see section 5.3.1
on the preceding page). Moreover, as stated previously, this di�erence in perplexity is
attributed only to the restriction of callsigns in the restricted grammar to 35 pre-de�ned
unique callsigns versus the wide coverage of 244,220 possible unique label sequences
(which represent 122,110 unique callsigns) provided by the unrestricted grammar: This
suggests that accuracy can be greatly improved simply by constraining the set of recog-
nisable callsigns to those which represent valid aircraft in the simulation, as described in
detail in section 6.2.1 on page 39.

Purpose

The results of tests using this grammar without any re-scoring represent the accuracy of
the system with a wider-coverage grammar which would be used in a production system,
one which is able to recognise most syntactically well-formed ATC commands and is
constrained only by the vocabulary used (see the previous sub-section on vocabulary):
In the re-scoring tests, the e�ectiveness of the re-scoring methods used is measured as
the di�erence of the accuracy before and after re-scoring.
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5.4. Acoustic training data

The acoustic model for the ASR system was trained using an amalgamation of several
acoustic corpora of both spontaneous and scripted speech, including transcribed academic
lectures, conferences and meetings [cf. 37] and news broadcasts [cf. 23]. Phonetic repre-
sentations of the recording transcriptions were obtained by using the CMU Pronouncing
Dictionary [38].
At the time of the experiment, there was no corpus of recordings dedicated speci�-

cally to ATC which were available and which had the contextual data required for the
experiments at hand (see chapter 6 on page 38).

5.5. Word/phone lattices

Lattices are used in this experiment (as well as in many others) for representing ASR
classi�cation scores where multiple hypotheses and their scores are to be output in a
single decoding pass [18, p. 1013]. For each acoustic signal input x, the ASR system
outputs a phone-to-word lattice L(x) 7→ 〈V,E〉 (herein referred to simply as a phone

lattice), which is a connected directed graph representing the ASR network, where
V is a set of graph vertices and E is a set of directed edges e ∈ E ≡ 〈s, e〉 from one state
s ∈ V to another e ∈ V [3]. From this lattice, all classi�cation hypotheses and their
corresponding scores can be calculated.

5.5.1. De�nition

A phone lattice is formally a weighted �nite-state transducer (WFST) over a semir-
ing K∗, receiving as input a sequence of symbols σ1 . . . σn from an input vocabulary Σ
and outputting a corresponding sequence of symbols γ1 . . . γn from an output vocabulary
Γ [18, 45]:

T ≡ 〈Σ,Γ, Q, I, F, δ, λ, ρ〉 where I, F ⊆ Q
δ ⊆ Q× (Σ ∪ {ε})× (Γ ∪ {ε})×K×Q
λ : I 7→ K
ρ : F 7→ K

(5.5.1)

where Q is a set of states, I ⊆ Q is a set of initial states (i.e. states with no incoming
transitions) and F ⊆ Q is a set of �nal states (i.e. states with no outgoing transitions).
δ is a set of weighted transitions, each of which is a quintuple 〈s, σ, γ, w, e〉 where s ∈ Q
is the transition origin state, e ∈ Q is the transition goal state, σ is the input symbol, γ
is the output symbol and w ∈ K is the weight of the transition. Finally, for each initial
state i ∈ I there is a corresponding weight function λ(i) 7→ w ∈ K and for each �nal
state f ∈ F there is a weight function ρ(f) 7→ w ∈ K.

∗In the case of this experiment, the semiring used is the log-probability semiring K ≡ 〈R+ ⊕
log,+, 0, 1〉

[74, p. 242].
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5.5.2. Transition weights

In the case of ASR, a phone lattice Lphone(x) is generated for a time series of acous-
tic features x, denoting transition probabilities from multiple cascaded context-sensitive
Hidden Markov Models used for classi�cation by the ASR system [3, pp. 565 sqq., 30, 74].
From this lattice, the probability of a sequence of output word symbols y ≡ 〈γ1 . . . γn〉
given a sequence of phone and/or word input symbols Σ′ ≡ 〈σ1 . . . σn〉 can be calculated:
The weighted feature function score fΦ(x, y) of a given input signal x being classi�ed as a
given sequence of word labels y (see formula 5.5.1 on the previous page) is the linear com-
bination of the weight of each corresponding transition fΦ(x, y) =

∑n
i=1 δ(qi−1, σi, γi, qi).

It should be noted, however, that this score includes the weight of multiple ε-transitions,
which do not output an explicit word label. Therefore, the label sequence y output by
the system as a labelling hypothesis is the output of each transition in the respective
transition path minus any ε labels.

Weights as negative log probabilities

In this implementation, transition weights (and thus also scores) are based on negative
log probabilities to minimise problems related to �oating-point arithmetic. Therefore,
the linear combination of the transition weights

∑n
i=1 δ(qi−1, σi, γi, qi) equals the negative

logarithm of the joint probability of the transitions − log
∏n
i=1 P (qi−1, σi, γi, qi), and so

fΦ(x, y) = − logP (x, y): The greater the weight, the lower the probability and the worse
the score.
Another advantage of using negative log probabilities which is crucial to this re-scoring

experiment is that they allow a classi�cation score fΦ(x, y) ≡
∑n

i=1 δ(qi−1, σi, γi, qi) to
be easily re-scored in a linear fashion: These negative log probability weights are not
normalised and so the hypothesis can be re-scored by simply adding a constant term p to
the weighted feature function score retrieved from the phone lattice f ′Φ(x, y) ≡ fΦ(x, y)+p
(see section 6.2.2 on page 42 for further details).

5.5.3. Word lattice projection

Rather than outputting only the best-scoring hypothesis ŷ ≡ arg miny∈Y fΦ(x, y) for an

input x, the Millennium ASR system outputs a word lattice Lword(x) representing a
set of possible hypotheses. This word lattice is a sub-lattice of the corresponding phone
lattice Lword ⊆ Lphone.
A word lattice Lword is derived through projection of the corresponding phone lattice

project : Lphone 7→ Lword [41, 74], in which all information in the lattice is discarded
except for each unique sequence of output labels. In this process, ε-transitions are merged
with their following word label transitions, meaning that there are no ε-transitions in
the word lattice. The resulting lattice is a directed acyclic graph [3], with a (weak)
connective upper bound of n(n−1). Likewise, the FST representing a word lattice T word

is deterministic.
This smaller lattice Lword ⊆ Lphone is used to derive an n-best list of possible hy-

potheses yword ∈ Y word by scoring each unique hypothesis represented by a word lattice
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Y word ≡ Y(Lword) and then ranking them according to their score (see chapter 7 on
page 44 for further details). This represents a much more computationally-feasible task
than scoring and re-scoring all the hypothesis represented by the phone lattice used for
re-scoring Y(Lphone), which is a directed multigraph [3, pp. 565 sqq.] and has a connec-
tive upper bound of n(nv), where n is the number of vertices and v is the vocabulary
size (e.g. v ≡ |Γ| in formula 5.5.1 on page 34).

5.5.4. Word lattice scoring

The weighted feature function score fΦ(x, y) of a symbol sequence hypothesis y ≡
〈γ1 . . . γn〉 for the input x is the best-scoring sequence of transitions

∑n
i=1 δ(qi−1, σi, γi, qi)

which outputs the given word symbol sequence γ1 . . . γn; This score is the minimum tran-
sition score sum

∑n
i=1 δ(qi−1, σi, γi, qi) for all sequences of states q0 . . . qn−1 which output

the given output symbol sequence γ1 . . . γn (represented by y) given any sequence of input
symbols σ1 . . . σn (see formula 5.5.1 on page 34):

fΦ(x, y) = min
σ1...σn
q0...qn−1

n∑
i=1

δ(qi−1, σi, γi, qi)

where y ≡ 〈γ1 . . . γn〉
(5.5.2)

However, the path through a phone lattice WFST which outputs the sequence of
word symbols constituting a label hypothesis yword ≡ 〈γword

1 . . . γword
m 〉 can also entail

transitions which output non-word symbols such as ε and concept symbols (described
in section 5.2 on page 32); An output symbol sequence from a phone lattice WFST
y ≡ 〈γ1 . . . γn〉 which corresponds to the word label sequence yword ≡ 〈γword

1 . . . γword
m 〉

is that which is equivalent to the word label sequence minus any non-word symbols
γ /∈ Γword:

Yword ≡ Y ∩ Γword where Γword ≡ Γ \ Γword (5.5.3)

Therefore, in order to calculate the score fΦ(x, yword) of a word label sequence yword,
the best-scoring sequence of states q0 . . . qn−1 must be found with a corresponding output
label sequence y and any sequence of input symbols σ1 . . . σn:

fΦ(x, yword) ≡ min
y∈Y ′

fΦ(x, y)

where Y ′ ≡ {y ∈ Y : y ∩ Γword = yword}
(5.5.4)

Algorithm

In order to �nd the best-scoring path through the WFST representing a phone lattice
T phone which outputs a symbol sequence y corresponding to the word label sequence
to be scored yword, an iterative search algorithm inspired by the Viterbi algorithm [5,
pp. 629�631, 69] was developed which �nds the best-scoring sequence of states in the
WFST q0 . . . qn−1 which outputs the symbol sequence y, performing an iterative breadth-
�rst search for each word label γword

i ∈ yword by expanding intermediate edges which
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output non-word symbols in a depth-�rst manner: Each word label γword
i ∈ yword is

an intermediate goal in the path representing a sequence of word label goals yword ≡
〈γword

1 . . . γword
m 〉. In order to �nd the next word label γword

i+1 , all such goal edge transitions
〈s, σ, γword

i , w, e〉 ∈ δ (see formula 5.5.1 on page 34) which were reached during the
previous search iteration i are expanded, searching each path from the state e in a
depth-�rst manner by expanding every possible path until either it ends at the next goal
label γword

i+1 or there are no more edges to expand which have not already been visited by
a better-scoring path (thus avoiding cycles).
By using such a two-stage iterative search, this search algorithm is admissible [cf.

55, pp. 107�109], always �nding the best-scoring path outputting the sequence yword ≡
〈γword

1 . . . γword
m 〉 if it exists in the lattice. For a detailed description of the algorithm, see

appendix D on page 95.

37



6. Knowledge-based re-scoring

In order to perform re-scoring experiments on the ASR word/phone lattice output, the
n-best hypotheses y1 . . . yn are retrieved from the word lattice FST T word(x) projected
by the ASR system (see section 5.5.3 on page 35), and the best score for each hypothesis
fΦ(x, y) is retrieved from the phone lattice WFST T phone(x) using the lattice search
method described in section 5.5.4 on page 36. The resulting set of unique word label
sequences and their scores sorted in ascending order according to score represents n-
best classi�cation hypotheses for x. This original score ranking is used to evaluate the
e�ectiveness of various re-scoring methods by calculating the di�erence between metrics
derived from this score and those from the score after re-scoring.

6.1. De�nition

Re-scoring is then done by evaluating the semantic attribute vector representation of a
hypothesis y against a set of weighted constraint penalty functions fC(x, y) which encode
knowledge from higher-level KSs (see section 3.3 on page 22). This knowledge score is
then combined with the original weighted feature-function score fΦ(x, y) to calculate the
new relative ranking of the input-output pair 〈x, y〉:

fΦ,C(x, y) ≡ fΦ(x, y) + fC(x, y) (6.1.1)

In this way, it can be said that the weighted feature-function score fΦ(x, y) for an
input-output pair 〈x, y〉 is biased by a parallel weighted dynamic CSP which penalises
classi�cation hypotheses y that do not satisfy the constraints de�ned in section 6.2.

6.2. Constraint-based knowledge scoring

The knowledge score of a hypothesis fC(x, y) is formulated as a weighted constraint
penalty function, which represents the score of the hypothesis y given the utterance
being classi�ed and the context in which it is situated x; Therefore, in this formulation,
the input x is not only a vector of acoustic signal features but also includes information
about the contextual state (in this case, the state of the ATC simulation). In order to
calculate this score, a vector of semantic attributes z ≡

[
z1 · · · zn

]
is derived from the

hypothesis z ∼= y and this input-output pair 〈x, z〉 is evaluated against the knowledge
encoded by a set of declarative constraints C as a weighted CSP fC(x, y) ∼= fC(x, z):
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fC(x, y) ∼= fC(x, z)

≡ pᵀC(x, z)

C ≡ {ci(·)} where ci : X × Z 7→ B
(6.2.1)

See appendix E on page 100 for details on the implementation of concept parsing and
evaluation against the ATC situation model.

6.2.1. Constraint knowledge

Two types of situational knowledge were encoded through declarative constraints for
re-scoring: Referential knowledge, which is knowledge of which entities are valid pos-
sible referents denoted by an utterance in question, and physical knowledge, which is
knowledge of valid next physical states given the current physical state of the context in
which the utterance was made. In the domain of ATC, referents are aircraft to which
commands are given, which can be uniquely identi�ed by callsign. Likewise, physical
knowledge in the domain of ATC includes knowledge of the next possible �ight informa-
tion values for an aircraft in question given its current �ight information, the command
given to the aircraft and the current state of the airspace in general.
Both the set of referential knowledge constraints and that of physical knowledge con-

straint can divided further into three sub-types of knowledge constraints: Firstly, those
which encode knowledge certainty, i.e. which constrains valid attribute values to a sin-
gle value; Secondly, those which encode static knowledge, i.e. which encode knowledge
that does not change throughout the scenario; Thirdly, those which encode dynamic

knowledge, i.e. knowledge which is dependent on the current state of the scenario and
so constrains values di�erently depending on the current state of the ATC context.

Referential knowledge

The referential knowledge used in this experiment (about which aircraft are valid ref-
erents) was encoded by set-membership constraints on the valid callsign(s) denoted by
an utterance in question: For each constraint de�ned, there is a set of valid callsigns V ,
and a label sequence hypothesis satis�es the constraint if the Callsign concept value it
denotes y → v is in the set of valid callsigns v ∈ V .
Three sub-types of constraints were de�ned which encode referential knowledge in the

domain of ATC: One which statically constrains valid aircraft callsigns to those denoted
by the gold standard label sequence, one which statically constrains valid callsigns to
those which are possible in the simulation, and one which dynamically constrains valid
callsigns to those which are valid in the simulation context in which the utterance was
made.

Referential certainty First, one constraint cgoldstd
callsign evaluates the aircraft callsign de-

noted by a hypothesis against that of the gold standard label sequence V goldstd
callsign ≡

{vgoldstd}. This constraint was used to test the e�ectiveness of knowing the speci�c
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aircraft to which a command is given, e.g. if the knowledge of which aircraft is being
addressed is provided non-verbally, such as being selected by the air tra�c controller
with a mouse and/or keyboard.

Static referential knowledge Another constraint cpossible
callsign evaluates the aircraft callsign

denoted by a hypothesis against that of the set of the callsigns of all aircraft which can
occur in the given scenario; In this case, this is 35 callsigns which are covered by the ASR
restricted grammar, representing all the aircraft which could occur in the simulation, i.e.
|V possible

callsign | = 35 (see table B.4 on page 83 for further details). This constraint was used to
test the e�ectiveness of knowing the speci�c aircraft which can occur in a given scenario,
e.g. all aircraft scheduled to enter a given airspace on a given day.

Dynamic referential knowledge The third callsign constraint ccontext
callsign uses the situa-

tional model created from the 4D-CARMA server log �le to evaluate the aircraft callsign
denoted by a hypothesis against that of the set of aircraft for which there is �ight infor-
mation within the time envelope τ − 5 . . . τ , where τ is the time at which the utterance
was made, measured in seconds (see section E.2 on page 101). In other words, the set

V context
callsign is the subset of all possible callsigns V context

callsign ⊆ V possible
callsign for which each aircraft

denoted by a member thereof v ∈ V context
callsign is in the simulation airspace at the time of the

utterance within 5 seconds. Therefore, this constraint dynamically constrains the set of
valid utterances to those which denote a valid aircraft callsign in a particular context.

Physical knowledge

A number of constraints in the experiment encode common-sense knowledge about the
physical world and the interface between ATC utterance semantics and the physical
constraints on aircraft. They compare the �ight information denoted by a given hypoth-
esis to the last given �ight information of the aircraft in question (e.g. Altitude de-
noted by <s> <callsign> <airline> lufthansa </airline> <flightnumber> four

three nine </flightnumber> </callsign> <command_type="descend"> descend

altitude <altitude> four thousand </altitude> feet </command> </s>). In or-
der to do this, the function H(β) gets the last given �ight information for an aircraft
β as a tuple H(β) 7→ 〈alt, spd,hdg . . . 〉 denoting the last �ight information of the air-
craft according to the situation model (see section E.2 on page 101). The goal value
denoted by a hypothesis y (e.g. 4000 for the concept Altitude as denoted by the previ-
ous example) is then compared to the last given �ight information value for the aircraft
β denoted by the command in order to evaluate its validity. This is done by getting
the value of the Callsign attribute from the corresponding semantic attribute vector
callsign(·) 7→ β, and using this value to get the corresponding aircraft �ight information
H(β) 7→ 〈alt, spd,hdg . . . 〉:
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cfi
α(·) ≡ c′(z, hα) where h ≡ H(callsign(z))

callsign : Z 7→ B
H : B 7→ I where i ∈ I ≡ 〈alt, spd,hdg . . . 〉

(6.2.2)

where c′(z, hα) evaluates either an equality or inequality of z and hα, for example
c′(z, halt) ≡ [[4000 ≥ halt]] in the case of a constraint constraining valid altitudes for
a descend command given the hypothesis <s> <callsign> <airline> lufthansa

</airline> <flightnumber> four three nine </flightnumber> </callsign>

<command_type="descend"> descend altitude <altitude> four thousand

</altitude> feet </command> </s> (further details later in this section).

Physical certainty Only one physical constraint was de�ned which encodes physical
certainty: That which constrains valid aircraft headings to 250◦, that of the single runway
in the simulation: In the given ATC simulation, a turn command directs an aircraft to
a runway which is parallel to heading 250◦ (the only runway in the simulation scenario);
Therefore, a constraint was de�ned which restricts the Heading of a turn command
to 250◦ crwy

hdg(·) ≡ [[zhdg 6= 250]]. This constraint was used to test the e�ectiveness of
knowing a static heading to which aircraft are regularly directed in a speci�c situation,
e.g. in this case during approach for landing.

Static physical knowledge Two constraints were de�ned which encode static physical
knowledge, constraining valid Heading values for a turn command to a value between
0 and 360 cmin

hdg(·) ≡ [[zhdg < 0]] and cmax
hdg (·) ≡ [[zhdg ≥ 360]]. These constraints are

de�ned because the grammars used cover all label sequences for Heading concepts which
correspond to the CFG production rule left-hand side NUMBER NUMBER zero despite the
fact that heading values outside the range 0 to 360 are not semantically valid as aircraft
headings (see appendix C on page 84 for further details).

Dynamic physical knowledge Two types of �ight information were constrained by en-
coding dynamic physical knowledge as dynamic constraints: aircraft airspeed and alti-
tude/�ight level.

Airspeed Given a command to reduce airspeed to a given speed zspd, the aircraft to
which the command was given has a last given airspeed hspd which is greater than
the airspeed to which it is to reduce zspd < hspd. This information was encoded by a
constraint which constrains the goal airspeed denoted by Command concepts of the sub-
type reduce to values which are less than the value of the last given airspeed (e.g. <s>
<callsign> <airline> qantas </airline> <flightnumber> six </flightnumber>

</callsign> <command_type="reduce"> reduce speed <speed> two hundred

</speed> knots </command> </s>). In other words, this knowledge is encoded as a
constraint cspd(·) ≡ [[zspd ≥ hspd]] which evaluates the expression zspd ≥ hspd.
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Altitude/�ight level Given a command to descend to a given altitude or �ight level,
the aircraft to which the command was given is at an altitude halt or �ight level hfl which
is greater than the altitude/�ight level to which it is to descend (zalt < halt or zfl < hfl,
respectively). This information was encoded into two constraints: The �rst constrains
the goal FlightLevel denoted by descend concepts to values which are less than the
value of the last given aircraft �ight level hfl (e.g. <s> <callsign> <airline> qantas

</airline> <flightnumber> six </flightnumber> </callsign>

<command_type="descent"> descend flight level <flightlevel> two two zero

</flightlevel> </command> </s>); Analogously to the airspeed constraint cspd(·), the
constraint cfl(·) ≡ [[zfl ≥ hfl]] evaluates the expression zfl ≥ hfl.
Likewise, another constraint calt(·) ≡ [[zalt ≥ hfl]] constrains goal Altitude values

to those which are less than the last given aircraft altitude (e.g. <s> <callsign>

<airline> qantas </airline> <flightnumber> six </flightnumber> </callsign>

<command_type="descent"> descend altitude <altitude> four thousand

</altitude> feet </command> </s>). However, due to the fact that the 4D-CARMA
server logs aircraft altitude only in �ight level measures, and that �ight level is derived
from altitude fl = alt/100, this constraint is implemented as calt(·) ≡ [[zalt ≥ 100hfl]].

6.2.2. Constraint weighting

All of the constraints de�ned in section 6.2.1 on page 39 are intended to be hard con-
straints in these experiments. However, an arbitrary positive �nite constant value g∗ was
chosen as a weight for all constraints because a hypothesis ranking is required even in
cases where no hypothesis in the set satis�es all constraints: Applying truly `hard' con-
straints (i.e. whhich have an in�nite-value weight wi ∈ w ≡ ∞) would entail that, in such
a situation, the score of all hypotheses would be the same (i.e. fΦ(x, y) + fC(x, y) =∞).
Therefore, this constant value g represents an arbitrary upper bound for scores of hy-
potheses which are considered reasonable; By not satisfying at least one constraint, a
hypothesis will have a score equal to or greater than g.

6.2.3. Knowledge score application

The knowledge score of a hypothesis y given the context in which the corresponding ut-
terance was made fC(x, y) is calculated as the dot product of the constraint penalty
functions and their respective weights p · C(x, y) = pᵀC(x, y) (see formula 6.2.1 on
page 39). However, each constraint has the same weighting wi ∈ w ≡ g, as described
in section 6.2.2: Therefore, the constraint penalty score equals the scalar product of the
maximum penalty sum g and the constraint evaluation functions fC(x, y) = g · C(x, y).

6.3. Test sets

The e�ectiveness of each constraint set de�ned in section 6.2 on page 38 was tested by
testing each possible combination of constraints which are deemed semantically plausible:

∗In this implementation, g ≡ 32767, the maximum value of a 16-bit signed integer.
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A semantically plausible combination of constraints is one in which the predicate which a
constraint encodes ci ∼= ϕ does not entail the predicate encoded by any other constraint
in the set cj ∼= ψ:

∀
ci∈C

∀
cj∈C

ϕ9 ψ where ci 6= cj , ci ∼= ϕ, cj ∼= ψ (6.3.1)

For example, for this reason, there are no constraint test sets which have all three
Heading constraints de�ned in section 6.2.1 on page 40 {cmin

hdg , c
max
hdg c

rwy
hdg . . . } /∈ TESTS:

The predicate encoded by crwy
hdg restricts valid Heading values to 250, which entails the

predicates encoded by cmin
hdg and cmax

hdg , which encode the knowledge that a valid Heading
value is respectively greater than or equal to 0 and less than 360 (see section 6.2.1 on
page 41 for details). Therefore, the e�ects of the constraints in a given test set should
be orthogonal.
However, a semantically-plausible combination of constraints must also encode a set

of predicates which de�ne a KS completely: For example, the presence of cmin
hdg or cmax

hdg

in a test set entails the presence of the other, because both are necessary to fully encode
the knowledge that an aircraft heading is in degrees (i.e. a value between 0 and 360).
In conclusion, a total of 72 di�erent constraint combinations were tested including the

case where the set of constraints is empty C = ∅ � the results thereof representing
the baseline, i.e. the accuracy before re-scoring, using only the weighted feature function
score fΦ(x, y):

TESTS ≡


{cgoldstd

callsign}
{cpossible

callsign }
{ccontext

callsign}
∅

×
{
{cspd}
∅

}
×


{calt}
{cfl}
{calt, cfl}
∅

×

{cmin

hdg , c
max
hdg }

{crwy
hdg}
∅


|TESTS| = 72

(6.3.2)

In conclusion, the four constraint sets de�ned in section 6.2.1 on page 39 represent
four di�erent parameters of the scoring function fΦ,C(x, y); The 72 di�erent constraint
combinations de�ned in formula 6.3.2 represent all valid parameter value combinations
tested.
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7. Evaluation

In order to evaluate the e�ectiveness of constraint-based lattice re-scoring, the baseline
results for classi�cation using each grammar were calculated; The e�ectiveness of a set
of constraints C is de�ned as the di�erence in accuracy of before and after re-scoring for
the respective grammar.
For each classi�cation test, the weighted feature function score fΦ(x, y) was calculated

for each hypothesis retrieved from each word lattice FST y ∈ Y(T word(x)) in the test
dataset, as described in section 5.5.4 on page 36. An n-best list of the hypotheses was
then created by sorting the hypotheses by their respective score. This list was used to
evaluate classi�cation accuracy for an utterance before any re-scoring is performed.
Likewise, for each constraint test set C ∈ TESTS (see formula 6.3.2 on the pre-

vious page), the knowledge-based constraint penalty function score fC(x, y) was com-
puted for each hypothesis retrieved from each word lattice FST in the test dataset
y ∈ Y(T word(x)), as described in section 6.2 on page 38. For each hypothesis, the
combined score fΦ,C(x, y) ≡ fΦ(x, y) + fC(x, y) was calculated, and an n-best list was
created using this combined score; This list was used to evaluate classi�cation accuracy
after re-scoring using the given set of constraints C.
The classi�cation results for a test (either of the baseline or for re-scoring) were evalu-

ated by comparing the accuracy of the best-scoring label sequence to the gold standard
(as is typically done in ASR) for the utterance as well as by evaluating the rank of the
gold standard label sequence in the corresponding n-best list of hypotheses (as is typically
done in a retrieval task).

7.1. Best-classi�cation evaluation

For each test, the word error rate (WER) and sentence error rate (SER) was calculated
for the best-scoring hypothesis ŷ ≡ arg miny∈Y f(x, y) out of all hypotheses represented

by the corresponding word lattice FST Y ≡ Y(T word(x)); This was done by comparing
the best-scoring hypothesis ŷ to the gold standard word label sequence for the utterance
gold_standard(x). WER and SER are often cited in percent values [cf. 79], as is also
done in this thesis.

7.1.1. Word error rate

The most commonly-used metric for evaluation in ASR is WER, which is a metric of
the distance between the word label sequence output by the ASR system and the gold
standard s (which was actually said) [32, pp. 362�364]. WER is de�ned as a derivation
of Levenshtein distance [39]:
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WER(s) ≡ ins(s) + del(s) + sub(s)

W (s)
(7.1.1)

where ins(s) is the number of word insertions, del(s) is the number of deletions and
sub(s) is the number of substitutions needed to align the two sequences. W (s) is the
amount of words in the reference [64, pp. 2091�2092]. Therefore, the WER of a set of
sentences S is:

WER(S) ≡
∑

s∈S ins(s) + del(s) + sub(s)∑
s∈SW (s)

(7.1.2)

7.1.2. Sentence error rate

Another commonly used for evaluation in ASR is SER, which is the rate of sentences
having at least one error (i.e. the rate of sentences not being recognised perfectly) [32,
p. 363, 64, pp. 2091�2092]:

SER(S) ≡
∑

s∈S sgn(ins(s) + del(s) + sub(s))

|S|
(7.1.3)

Although WER and SER are often related, this is not always the case [63]: Generally,
SER increases with WER, but one cannot be inferred from the other. Therefore, both
metrics can be useful.

7.2. Retrieval-task evaluation

However, these experiments were not designed to directly improve the accuracy of only
the best-scoring hypothesis but rather to evaluate the e�ectiveness of re-scoring each
hypothesis based using additional knowledge; Therefore, re-scoring was also evaluated as
a retrieval task, in which the rank of the correct answer (in this case, the gold standard
word label sequence) in an ordered set of answers is evaluated [32, p. 821, 53]. In order
to measure this, the mean reciprocal rank (MRR) of the gold-standard classi�cation for
each utterance in the test set was calculated given the corresponding n-best hypothesis
list for the utterance.

7.2.1. Mean reciprocal rank

MRR is a metric commonly used for measuring accuracy in retrieval tasks (e.g. question-
answering systems) which is derived from the reciprocal rank of the �rst correct answer
in the results of a query [32, p. 821, 53]; The reciprocal rank of a hypothesis RR(y)
is the multiplicative inverse of its rank R(y) in the set of hypotheses or zero if the rank
RR(y) is zero (i.e. if the set of ranked hypotheses does not contain the given one) [32,
p. 821]:
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RR(y) ≡

{
1/R(y) if R(y) > 0

0 otherwise
(7.2.1)

Therefore, the mean reciprocal rank for a set of hypotheses is the sum of the ranks of
the hypotheses normalised by the size of the set:

MRR(Y ) ≡ 1

|Y |
∑
y∈Y

1

R(y)
(7.2.2)

7.3. Statistical signi�cance

In this experiment, the di�erence of two test results was estimated to be statistically
signi�cant if their error ranges ERR ≡ {x : ERRmin ≤ x ≤ ERRmax} (largely) do
not overlap, where the error range is derived from the standard deviation ERRmin ≡
max(MEAN −SD/2, 0) and ERRmax ≡ min(MEAN +SD/2, 100) in the case of WER
and ERRmax ≡ min(MEAN + SD/2, 1) in the case of MRR; An error measure is not
calculated for SER due to the fact that SER is de�ned for an entire set of utterances
being evaluated.
Although this is not a rigorous test of signi�cance [4], the results varied by a relatively

large amount between tests and thus rigorous statistical signi�cance testing was not
required for e�ectively interpreting the results.
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Part III.

Results
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8. Baseline results

8.1. Restricted grammar

8.1.1. WER and SER

When testing on all lattices with the restricted grammar, the mean WER for all utter-
ances was 0.30 and the mean SER was 2.89. The minimum WER and SER was 0.00
and the maximum WER and SER was 1.98 and 18.87, respectively; As can be seen
in �gure 8.1 there was a large variation in the WER and SER of classifying the set of
utterances for each speaker.

Figure 8.1.: Baseline WER and SER results by speaker for classi�cation using the re-
stricted grammar.
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Moreover, there was not only large variation between speaker groups but also within
them: The mean WER standard deviation (SD) was 0.33, but had a minimum value of
0.0 and a maximum value of 1.95.
Therefore, even when using a relatively restricted grammar, there were some speakers

for which the ASR system performs signi�cantly di�erent than for others. For details on
the results, see table F.1 on page 102.
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8.1.2. MRR

Similarly to the large variance seen in the WER and SER of the speaker groups, there
was also a large variation in the MRR among the groups, with a mean value of 0.983 but
a minimum of 0.897 and a maximum of 1.0.

Figure 8.2.: Baseline MRR results by speaker for classi�cation using the restricted
grammar.
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Just as in the case of the WER and SER, there was both a large variation between
speaker groups and within speaker groups (as shown in �gure 8.2), with a mean MRR
SD of 0.0118, a minimum of 0.0 and a maximum of 0.0669; For details, see table F.2 on
page 103.

8.1.3. Error analysis

When classifying the utterances using the restricted grammar, the only type of word
errors made were in classifying numbers, as shown in �gure 8.3 on the next page and
table 8.1 on the following page: For example, out of 411 utterances denoting a descend
Command with an Altitude value of 4000 (feet) (e.g. Lufthansa six four �ve descend
altitude four thousand feet ), thirteen were classi�ed as denoting a value of 5000 (feet),
e.g. lufthansa six four five descend altitude five thousand feet. However, al-
though aircraft �ight numbers are composed of numbers (see section 4.2.5 on page 29),
there were no word errors for words which form part of a �ight number.

Irrecoverable sentences

Out of the word lattices Lword(x) which have an incorrect label sequence as the highest-
scoring one ŷ 6= gold_standard(x), six of them did not contain the gold standard label
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Figure 8.3.: Baseline errors made during classi�cation using the restricted grammar.
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Table 8.1.: Baseline errors made during classi�cation using the restricted grammar.

Command Type S SE W WE Number

Descend 411 14 3691 14 14
Reduce 473 6 4676 6 6
Turn 223 12 2201 12 12
TOTAL 1107 32 10568 32 32

sequence gold_standard(x) /∈ Y(Lword(x)).
Therefore, the minimum possible WER for classi�cation with the lattices created using

the restricted grammar was 0.05; Likewise, the minimum SER was 0.54. The maximum
possible MRR for the restricted grammar lattices was 0.995 (see table 8.2 on the following
page).

8.2. Unrestricted grammar

8.2.1. WER and SER

When testing on all lattices with the unrestricted grammar, the mean WER for all
utterances was 2.81 and the mean SER was 22.58. The minimum WER and SER was
0.69 and 6.56 and the maximum WER and SER was 6.75 and 52.46, respectively (see
�gure 8.4 on the next page; For further details on the WER and SER for classi�cation
using the unrestricted-grammar lattices, see table F.3 on page 104.
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Table 8.2.: The count of lattices which incorrectly classify their respective utterance for
each grammar and the best SER and MRR achievable given the irrecoverable
sentences.

Grammar Total Incorrect Irrecoverable Min. WER Min. SER Max. MRR

Restricted 1107 32 6 0.05 0.54 0.995
Unrestricted 1107 250 23 0.31 2.07 0.979

Figure 8.4.: Baseline WER and SER results by speaker for classi�cation using the unre-
stricted grammar.
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8.2.2. MRR

Finally, just as seen in the previous cases, there was a large variance in the MRR of the
speaker sub-groups when using the unrestricted grammar, as seen in �gure 8.5 on the
next page: The mean MRR was 0.849 while the minimum was 0.605 and the maximum
was 0.949. Likewise, the variance within the speaker groups was large, with a mean SD of
0.0871, a minimum of 0.0243 and a maximum of 0.2073; For further details, see table F.4
on page 104.

8.2.3. Error analysis

Just as when using the restricted grammar, there was a relatively high rate of word
error when classifying numbers, as shown in �gure 8.6 on page 53 and table 8.3 on the
following page. However, unlike classi�cation using the restricted grammar, there was
also a signi�cant amount of word errors in classifying callsigns: There were a total of 37
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Figure 8.5.: Baseline MRR by speaker for classi�cation using the unrestricted grammar.
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incorrectly-labelled airlines.
Additionally, there were 4 miscellaneous word errors in classi�cation which are of nei-

ther airlines nor of numbers: Each of these errors was in fact from the same utterance,
the correct classi�cation for which not being recoverable from the respective lattice used
for (re-)scoring (see section 8.2.3 for further details).

Table 8.3.: Baseline errors made during classi�cation using the unrestricted grammar.

Command Type S SE W WE Airline Number Other

Descend 411 86 3691 96 10 86 0
Reduce 473 113 4676 128 19 109 0
Turn 223 51 2201 62 8 50 4
TOTAL 1107 250 10568 286 37 245 4

Irrecoverable sentences

In the test set of lattices created using the unrestricted grammar, 23 out of 250 incor-
rect classi�cations were irrecoverable. Therefore, the minimum WER for classi�cation
using the unrestricted-grammar latices was 0.31 and the minimum SER was 2.07; The
maximum MRR was 0.979 (see table 8.2 on the preceding page).
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Figure 8.6.: Baseline errors made during classi�cation using the unrestricted grammar.
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8.3. Comparison

When classifying with the unrestricted grammar, the WER and SER is signi�cantly
higher than when classifying with the restricted grammar: The WER while using the
unrestricted grammar is 9.37 that of classi�cation while using the restricted grammar and
the SER while using the unrestricted grammar is 7.81 that of the restricted grammar,
with an absolute WER di�erence of 2.51 and SER di�erence of 19.69. Likewise, there was
a 13.63% decrease in MRR when classifying with the unrestricted grammar compared to
the results obtained when using the restricted grammar.
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9. Re-scoring results

As described in section 6.3 on page 42, 72 di�erent constraint combinations were tested
for re-scoring the test lattices using context-speci�c knowledge; The results of constraint
sets which are described in this chapter are those which are notable.
In this chapter, the graph label `alt' represents the set of constraints {calt, cfl} con-

straining target valid Altitude and Heading values to those less than the current
value for the aircraft in question and `valHdg' represents the set of constraints de�ning
valid Heading values {cmin

hdg , c
max
hdg } (see section 6.3 on page 42). Other constraint sets

have labels similar to their names as de�ned in chapter 6 on page 38, e.g. `rwy' ∼= crwy
hdg.

9.1. Restricted grammar

The WER and SER for classi�cation using the restricted grammar after re-scoring is
shown in �gures 9.1 to 9.2 on pages 54�55 for each of the notable constraint sets tested;
For further details on the WER/SER for the individual constraint sets, see table G.1 on
page 105.

Figure 9.1.: WER results while re-scoring using constraints for the restricted grammar.
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Figure 9.2.: SER results while re-scoring using constraints for the restricted grammar.
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Likewise, the MRR for each respective re-scoring constraint test set using the restricted-
grammar lattices is shown in �gures 9.3 to 9.4 on pages 55�56; For further details, see
table G.2 on page 106.

Figure 9.3.: MRR results while re-scoring using constraints for the restricted grammar.
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9.1.1. Referential knowledge

Due to the fact that there were no errors in classifying callsigns (see section 8.1 on
page 48), there were no improvements in accuracy over the baseline results after re-
scoring using the referential knowledge constraints de�ned in section 6.2.1 on page 39.
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Figure 9.4.: MRR results while re-scoring using constraints for the restricted grammar,
relative to the baseline results.
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9.1.2. Physical knowledge

When re-scoring with the �ight information constraints de�ned in section 6.2.1 on page 40,
a slight improvement in accuracy was observed for the lattices created using the restricted
grammar.
The �ight information constraint which achieved the greatest improvement after re-

scoring the restricted- and unrestricted-grammar lattices was the runway heading con-
straint crwy

hdg(·) ≡ [[zhdg 6= 250]], which restricts valid Heading values to a single value,
250 (see section 6.2.1 on page 41): Re-scoring the restricted-grammar lattices with this
constraint resulted in a WER reduction of 20% (from 0.30 to 0.24) and a SER reduction
of 19.29% (from 2.80 to 2.26), as well as a 0.32% increase in MRR (from 0.983 to 0.986).

WER and SER

As can be seen in �gures 9.1 to 9.2 on pages 54�55, re-scoring using the airspeed constraint
cspd and altitude/�ight heading constraints calt, and cfl (represented by `alt') had no e�ect
on the WER and SER of the restricted grammar lattices. Likewise, the valid heading
constraints cmin

hdg and cmax
hdg (represented by `valHdg') did not have a signi�cant e�ect on

the WER and SER.
The only constraint by applying which a signi�cant improvement was seen while re-

scoring was the runway heading constraint crwy
hdg (represented by `rwy'): By applying this

constraint, a 20% reduction in WER (to 0.24) and a 21.80% reduction in SER (to 2.26)
was achieved.
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MRR

Just as in the case of the WER and the SER, there was no signi�cant improvement in
MRR from re-scoring using the altitude, �ight level or airspeed constraints, despite that
the mean MRR was slightly greater while using the altitude constraint (see �gures 9.3
to 9.4 on pages 55�56). Likewise, a small but insigni�cant improvement was achieved by
applying the valid heading constraints cmin

hdg and cmax
hdg , and a signi�cant improvement was

achieved by applying the runway heading constraint crwy
hdg.

9.1.3. Error analysis

Just as observed in the baseline results, the word errors are in classifying numbers (cf.
section 8.1.3 on page 49); See �gure 9.5 and table 9.1 on the following page for details.

Figure 9.5.: Errors made during classi�cation after re-scoring for the restricted grammar,
using (one of) the constraint set(s) which achieved the greatest accuracy
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Table 9.1.: Errors made during classi�cation after re-scoring for the restricted grammar,
using (one of) the constraint set(s) which achieved the greatest accuracy

({cgoldstd
callsign, calt, cfl, cspdc

rwy
hdg}).

Command Type S SE W WE Number

Descend 411 14 3691 14 14
Reduce 473 6 4676 6 6
Turn 223 5 2201 5 5
TOTAL 1107 25 10568 25 25

9.2. Unrestricted grammar

The WER and SER for classi�cation using the unrestricted grammar after re-scoring is
shown in �gures 9.6 to 9.7 on pages 58�59 for each of the notable constraint sets tested;
For further details on the WER/SER for the individual constraint sets, see table G.3 on
page 106.

Figure 9.6.: WER results while re-scoring using constraints for the unrestricted grammar.

0
0.5

1
1.5

2
2.5

3
3.5

4
4.5

5

baseline

spd
alt

valH
dg

alt,spd,valH
dg

rw
y

alt,spd,rw
y

possibleC
S

radarC
S

alt,radarC
S,spd,valH

dg

goldStdC
S

alt,goldStdC
S,spd,valH

dg

alt,radarC
S,spd,rw

y

alt,goldStdC
S,spd,rw

y

W
E
R

Test

2.81 2.81 2.81 2.79 2.79 2.74 2.74

0.55 0.55 0.52 0.5 0.5 0.45 0.44

baseline-WER

0.02 0.02 0.07 0.07

2.26 2.26 2.29 2.31 2.31 2.36 2.37

ERR ≡ SD

58



Figure 9.7.: SER results while re-scoring using constraints for the unrestricted grammar.
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Likewise, the MRR for each respective re-scoring constraint test set using the unrestricted-
grammar lattices is shown in �gures 9.8 to 9.9 on pages 59�60; For further details, see
table G.4 on page 107.

Figure 9.8.: MRR results while re-scoring using constraints for the unrestricted grammar.
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9.2.1. Referential knowledge

When re-scoring the lattices created using the unrestricted grammar by applying callsign
constraints, a signi�cant improvement in classi�cation accuracy was observed, achieving
a signi�cantly lower WER and SER and a signi�cantly higher MRR.
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Figure 9.9.: MRR results while re-scoring using constraints for the unrestricted grammar,
relative to the baseline results.

0
0.02
0.04
0.06
0.08
0.1

0.12
0.14

spd
alt

valH
dg

alt,spd,valH
dg

rw
y

alt,spd,rw
y

possibleC
S

radarC
S

goldStdC
S

alt,radarC
S,spd,valH

dg

alt,goldStdC
S,spd,valH

dg

alt,radarC
S,spd,rw

y

alt,goldStdC
S,spd,rw

y

M
R
R
-b
as
el
in
e

Test

4e− 060.0007480.0007510.0033390.003343

0.1171150.1171830.1179060.1185080.1185080.1212180.121218

WER and SER

As can be seen in �gures 9.6 to 9.7 on pages 58�59, the WER was reduced at most by
82.21% to 0.5 (an absolute di�erence of 2.31) by applying the gold standard callsign

constraint cgoldstd
callsign and the SER was reduced by 79.98% to 4.52 (an absolute di�erence of

18.06). Moreover, the improvement seen while using either the scenario-speci�c possible

callsign constraint cpossible
callsign or the dynamic context-sensitive callsign constraint ccontext

callsign

was nearly as great, achieving reductions of 80.43% in WER (to 0.55) and 79.58% in
SER (to 4.61).

MRR

Just as in the case of the WER and SER, a signi�cant improvement in MRR over the
baseline for the unrestricted grammar was achieved by applying callsign constraints: As
can be seen in �gures 9.8 to 9.9 on pages 59�60, there was a signi�cant improvement
in MRR while using any of the callsign constraints, with the biggest improvement being
13.89%, achieved by applying the gold standard callsign constraint cgoldstd

callsign. Nevertheless,
the other constraints also showed signi�cant improvements. Moreover, unlike the case
with the WER and SER, there was a slight improvement in MRR when applying the dy-
namic context callsign constraint ccontext

callsign instead of the static possible callsign constraint

cpossible
callsign .

9.2.2. Physical knowledge

Just as the case with the restricted grammar as described in section 9.1.2 on page 56, a
relatively small improvement in accuracy was observed when re-scoring the unrestricted-
grammar lattices using the �ight information constraints.
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Again, the most e�ective constraint was the runway heading constraint crwy
hdg, achieving

a 2.49% reduction in WER (from 2.81 to 2.74), a 2% reduction in SER (from 22.58 to
22.13) and a 0.39% inrease in MRR (from 0.849 to 0.852).

9.2.3. Error analysis

There was a signi�cant reduction in word error both in the classi�cation of airlines
and numbers, as shown in �gure 9.10 and table 9.2 on the next page. The largest
improvement was in Airline classi�cations, in that there were 37 such errors given
the baseline results and there were none after re-scoring using the best combination of
constraints {cgoldstd

callsign, calt, cfl, cspdc
rwy
hdg} (see table 8.3 on page 52 and �gure 8.6 on page 53).

Additionally, there were 5 word errors in classifying the word speed after re-scoring
although such errors were not made before re-scoring: Each of these utterances involved
the word speed classi�ed as airspeed, meaning that they do not represent semantically-
erroneous errors in classi�cation. Moreover, the correct classi�cation for each of these
5 utterances was not recoverable from the respective lattice used for (re-)scoring (see
section 8.2.3 on page 52).

Figure 9.10.: Errors made during classi�cation after re-scoring for the unrestricted gram-
mar, using (one of) the constraint set(s) which achieved the greatest accu-

racy ({cgoldstd
callsign, calt, cfl, cspdc

rwy
hdg}).
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9.3. Comparison

Applying the callsign constraints while re-scoring resulted in a signi�cant improvement in
accuracy when re-scoring the unrestricted-grammar lattices, as described in section 9.2.1
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Table 9.2.: Errors made during classi�cation after re-scoring for the unrestricted gram-
mar, using (one of) the constraint set(s) which achieved the greatest accuracy

({cgoldstd
callsign, calt, cfl, cspdc

rwy
hdg}).

Command Type S SE W WE Airspeed Number

Descend 411 20 3691 20 0 20
Reduce 473 13 4676 13 5 8
Turn 223 10 2201 12 0 12
TOTAL 1107 43 10568 45 5 40

on page 59. However, no improvement was seen when applying the callsign constraints
while re-scoring the restricted-grammar lattices (see section 9.1.1 on page 55).
As described in section section 9.1.2 on page 56, the accuracy of classi�cation us-

ing the restricted-grammar lattices was improved by using the �ight information con-
straints. When re-scoring the unrestricted-grammar lattices using �ight information
constraints, however, the improvement in accuracy was relatively small, achieving a 20%
reduction in WER for the restricted-grammar lattices versus only a 2.49% reduction
for the unrestricted-grammar ones; This improvement was even smaller in comparison
to the improvement in accuracy seen when re-scoring the unrestricted-grammar lattices
with the callsign constraints (see section 9.2.2 on page 60).
In conclusion, classi�cation bene�ted from re-scoring through the application of con-

textual constraints regardless of the grammar used for the initial scoring. Nevertheless,
the improvement in accuracy seen when re-scoring the unrestricted-grammar lattices was
much greater than the improvement seen when re-scoring the restricted-grammar lattices:
The best classi�cation accuracy while using the unrestricted grammar was roughly half
of that as with the restricted grammar (e.g. a WER of 0.26 for the resticted grammar
vs. 0.44 for the unrestricted one) while retaining the greater coverage of the unrestricted
grammar over the restricted one.
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Part IV.

Discussion
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10. Interpretation of results

10.1. Grammar comparison

As stated in section 5.3 on page 32, the unrestricted grammar has a signi�cantly greater
coverage than the restricted grammar: This allows the recognition of a far greater range of
utterances but it also entails that the perplexity of the unrestricted grammar is relatively
high compared to that of the restricted grammar.

10.1.1. Baseline accuracy

The baseline accuracy of classi�cation while using the unrestricted grammar was sig-
ni�cantly worse than that while using the restricted grammar in regards to WER and
SER; This is unsurprising considering the relatively high perplexity of the unrestricted
grammar compared to the restricted one [10].
Likewise, the MRR was lower when classifying with the unrestricted grammar com-

pared to the restricted grammar. Although this in itself is unremarkable, these results
combined with the relatively few unrecoverable sentences in the corpus suggest that
there is signi�cant room for improvement of classi�cation with the unrestricted grammar
through knowledge-based lattice re-scoring in comparison to the restricted grammar (see
section 8.2.3 on page 51).

10.1.2. Re-scoring accuracy

The claim that the unrestricted grammar leaves more potential for improvement was sub-
stantiated by the di�erence in improvements achieved between re-scoring the restricted
and unrestricted grammars, as described in chapter 9 on page 54: When re-scoring the
restricted-grammar lattices, a maximum 20% reduction in WER and a maximum 21.80%
reduction in SER and a maximum 0.33% increase in MRR was achieved; When re-scoring
the unrestricted-grammar lattices, however, an 84.34% reduction in WER and an 82.82%
reduction in SER was achieved and a maximum 14.28% increase in MRR was achieved.

10.1.3. Conclusion

In conclusion, classi�cation with the restricted grammar resulted in a lower error rate
before any re-scoring is performed. However, the bene�ts of re-scoring lattices created
with such a grammar was much less than that with a relatively unrestricted, wider-
coverage grammar.
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10.2. Situational knowledge e�ectiveness

Two types of situational knowledge were used for re-scoring in the domain of ATC:
Referential knowledge of valid aircraft callsigns and physical knowledge of valid physical
aircraft states given their last state.

10.2.1. Referential knowledge

As explained in section 9.1.1 on page 55, no improvements in classi�cation accuracy were
achieved by re-scoring the restricted-grammar lattices with the callsign constraints de-
�ned in section 6.2.1 on page 39: This is due to the fact that the restricted grammar
has a very narrow coverage of callsigns in comparison to the unrestricted grammar, as
described in section 5.3 on page 32. Therefore, the restricted grammar already implicitly
constrains callsigns to a signi�cant extent, entailing that the perplexity of callsign clas-
si�cation is relatively low when classifying using the restricted grammar in comparison
to when classifying with the unrestricted grammar.
Understandably, then, a large improvement in accuracy was achieved when re-scoring

the unrestricted-grammar lattices by applying the callsign constraints, as described in
9.2.1. The e�ectiveness of these constraints suggest that knowledge of entity reference
[32, pp. 729 sqq.] can be highly e�ective for use in lattice re-scoring.

Referential certainty

The greatest improvement in accuracy while re-scoring with the callsign constraints was
when applying the gold standard callsign constraint cgoldstd

callsign, the most semantically-
speci�c one. However, this constraint relies on the knowledge of the entity which is
denoted by a given utterance: In this case, this is the knowledge of which aircraft to
which the command in question is directed. Therefore, the e�ective implementation of
this constraint in a real-world situation may be di�cult.
These results suggest that, if a referent is unambiguously speci�ed (e.g. in a di�erent

modality), this knowledge can be used to greatly improve accuracy.

Static referential knowledge

Among the constraints encoding referential knowledge, the gold standard callsign con-
straint cgoldstd

callsign achieved the greatest improvement. However, the possible callsign con-

straint cpossible
callsign achieved nearly as much improvement, the WER after re-scoring using the

possible callsign constraints being only 9.19% higher than after re-scoring using the gold
standard callsign constraint (0.55 vs. 0.50, respectively). Likewise, the SER was only
1.95% higher (4.61 vs. 4.52, respectively). The di�erence between the MRR of re-scoring
with the two constraints was even smaller, with the MRR of the possible callsign con-
straint being 0.08% lower than that of the gold standard callsign (0.965786 vs. 0.966576,
respectively).
These results suggest that even by applying much-less restrictive constraints, accuracy

can be increased signi�cantly for a domain in which certain referential knowledge is
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certain � for example, in this case, the knowledge of which aircraft callsigns are to be
expected in an ATC scenario.

Dynamic referential knowledge

The dynamic context-speci�c callsign constraint ccontext
callsign which constrains valid callsigns

to those which are present in the 4D-CARMA simulation in a given timeframe achieved
the same WER and SER improvements that the possible callsigns cpossible

callsign constraint
did. Likewise, there was no signi�cant improvement in MRR, with the MRR after re-
scoring with the dynamic context callsign constraint being only 0.007% greater than that
after re-scoring with the static possible callsign constraint. This suggests that, given the
simulation in which the utterances were made, incorporating this dynamic contextual
knowledge is not very e�ective in reducing accuracy.
However, improvements may be achieved by using this dynamic constraint over the

static possible callsign constraint given a more complex ATC scenario, in which the set
of possible callsigns is much larger: In the simulation used to generate the test data,
there were a total of 31 di�erent aircraft (and thus 31 possible callsigns) and there were
a mean 8.76 aircraft in the air at one time (see appendix B on page 81 for details). In
a real-world scenario, however, both the number of possible callsigns and the average
number of aircraft in the air at one time can be much greater. Nevertheless, while there
is no limit to the number of possible callsigns, the average number of aircraft in the air
is limited by the capabilities of the control tower(s) controlling the airspace in question.
Therefore, this number is in almost all cases much less than the number of possible
callsigns that an aircraft may have at any time in the scenario.

Conclusion

In conclusion, the accuracy improvements seen from re-scoring with the callsign con-
straints shows that contextual referential knowledge can be used for lattice re-scoring:
Using knowledge of a static context is highly e�ective, such as that encoded by the
possible callsign constraint cpossible

callsign ; Likewise, using knowledge of a dynamic context is

possible, such as that encoded by the dynamic contextual callsign constraint ccontext
callsign:

Such dynamic knowledge has the potential to be even more e�ective than static referen-
tial knowledge.
However, the bene�ts of knowledge-based re-scoring can only be enjoyed with a rela-

tively wide-coverage grammar, one which does not already implicitly entail similar con-
straints on recognition.

10.2.2. Physical knowledge

A small improvement in accuracy was observed after re-scoring both the restricted- and
unrestricted-grammar lattices by applying the �ight information constraints, de�ned as
linear (in)equalities as described in section 6.2.1 on page 40. Due to the fact that the
grammars do not di�er in the �ight information values they cover, this similarity is
unremarkable (cf. listings C.1 to C.2 on pages 88�92).
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Physical certainty

As described in sections 9.1.2 on page 56 and 9.2.2 on page 60, the most e�ective con-
straint which encodes physical knowledge was the runway heading constraint crwy

hdg; This
constraint encodes the knowledge that, in this simulation, a turn heading always is in-
tended to orient the aircraft towards the single runway in the simulation in preparation
for landing. Given a real-word scenario, however, it is likely that trying to apply similar
constraints would not be as e�ective: Firstly, many airspaces in which aircraft arrivals
(i.e. landings) must be managed contain multiple runways to which a given aircraft may
be directed; Secondly, in a real-world scenario, a turn command does not (always) entail
that an aircraft is to approach a runway which has the same heading, or that an aircraft
is to approach any runway at all � for example, many aircraft pass through an airspace
without landing in it, and often are issued commands to direct them through the airspace
while maintaining separation (see section 3.1 on page 17). Therefore, such a restrictive
static constraint is e�ective in only a relatively constrained domain such as that provided
by the simple simulation used in this experiment.
In conclusion, just as the case with referential certainty as described in section 10.2.1

on page 65, certainty about the next physical state can be used for e�ective re-scoring
but such knowledge cannot be certain in many situations.

Static physical knowledge

As described in sections 9.1.2 on page 56 and 9.2.2 on page 60, there was a small improve-
ment in accuracy when re-scoring using the static valid heading constraints {cmin

hdg , c
max
hdg }.

However, this improvement was insigni�cant when re-scoring the restricted-grammar lat-
tices. Likewise, when re-scoring the unrestricted-grammar lattices, the improvements
achieved were small in comparison to those achieved by re-scoring with the callsign con-
straints (see section 10.2.1 on page 65).
These results suggest that static physical knowledge and reasoning about the physical

world can be used for lattice re-scoring: For example, in the case of the static valid
heading constraints, a valid heading value is in degrees between 0◦ and 360◦. Although
such knowledge about valid headings can also be incorporated into the grammar (and
thus language model) itself, others feature long-distance dependencies which cannot be
easily encoded in a CFG: For example, in the case of ATC, knowing the minimum and
maximum allowed altitude for any given aircraft in a given airspace can be advantageous
for classi�cation. However, these values may depend on e.g. the speci�c type of aircraft
in question: For example, a larger aircraft may have a higher minimum allowed altitude
than a smaller one.
Therefore, it seems that with more sophisticated static knowledge about the domain,

greater improvements can be achieved after re-scoring than with relatively simple knowl-
edge.
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Dynamic physical knowledge

The constraints which encode dynamic physical situational knowledge cspd and {calt, cfl}
were not very e�ective in improving accuracy during re-scoring, as described in sec-
tions 9.1.2 on page 56 and 9.2.2 on page 60. These results suggest that the range of
possible values {x ∈ R : zα ≤ x < hα} between the value of a given type of �ight
information hα and the value of the related concept zα is simply too large to derive
an e�ective constraint from: For example, out of 411 utterances denoting a descend
Command with an Altitude value of 4,000 (feet) (e.g. Lufthansa six four �ve descend
altitude four thousand feet ), thirteen were classi�ed as denoting a value of 5,000 (feet),
e.g. lufthansa six four five descend altitude five thousand feet. However, at
the time in the scenario in which these utterances were made, the altitude of the given
aircraft hfl(β) was often very great: In the simulation log data for the scenario used for
creating the lattices, the mean �ight level for any aircraft was 127.83 (1,2783 feet) out
of a population of n simulation updates:

127.83 =
1

n

n∑
h∈H
h(β)∈h

hfl(β) (10.2.1)

Given that both grammars restrict altitude values to either 2,000, 3,000, 4,000, or
5,000 feet (cf. listings C.1 to C.2 on pages 88�92), the probability is very low that an
erroneous classi�cation will denote an Altitude with a value higher than the current
Altitude value hfl(β) for the given aircraft β.
Therefore, it seems that relatively sophisticated physical situational knowledge and

reasoning may be required to e�ect an improvement during re-scoring: Given the re-
strictiveness of the grammars used and the relatively large physical domain in which the
utterances were made, there is little overlap between what can be recognised and what
is physically implausible with such simple physical knowledge.

Conclusion

The only �ight information constraint which achieved a signi�cant improvement in ac-
curacy during re-scoring was the runway heading constraint crwy

hdg, which is also the most
restrictive (and is perhaps too restrictive): The other constraints were not restrictive
enough to e�ect a signi�cant change during re-scoring.
In conclusion, it seems that the �ight information (in)equality constraints, which en-

code physical situational knowledge in ATC, do not constrain the values of their respec-
tive concepts enough to achieve a signi�cant di�erence in ranking during re-scoring of
either the restricted- or unrestricted-grammar lattices. Although such knowledge has the
potential to be of great use during re-scoring. Therefore, it seems that more-sophisticated
methods of reasoning about physical context must be used in order to e�ectively use
physical knowledge for re-scoring.
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10.2.3. Conclusion

Improvements in classi�cation accuracy were achieved after re-scoring using situational
knowledge, both of valid referents (section 10.2.1 on page 65) and of valid physical states
(section 10.2.2 on page 66). When using either knowledge source, the more certain the
knowledge used, the more e�ective re-scoring using the knowledge was. However, given a
relatively large domain, such certainty may not be possible. Likewise, the e�ectiveness of
re-scoring using dynamic contextual knowledge is limited by the amount that reasoning
about the domain can reduce the amount of possible next states in the context given the
current state.
However, in general, referential knowledge was more e�ective than physical knowledge

for use in re-scoring: Re-scoring using the set of constraints which encodes the least-
speci�c referential knowledge {cpossible

callsign } (the possible callsign constraint) achieved an
80.43% reduction in WER as opposed to 2.49% when re-scoring with the set of constraints
which encode the most speci�c physical knowledge. Similarly, there was a large di�erence
between the SERs and MERs of the two re-scoring tests. These results suggest that
referential knowledge is a much simpler knowledge source to take advantage of for re-
scoring: In layman's terms, it is much simpler to (dis)prove the existence of an entity
than to (dis)prove the physical state of that entity.

10.3. Classi�cation errors

The vast majority of word errors observed were from classifying numbers, both for the
restricted grammar before and after re-scoring (see sections 8.1.3 on page 49 and 8.2.3 on
page 51, respectively) and for the unrestricted grammar before and after re-scoring (see
sections 9.1.3 on page 57 and 9.2.3 on page 61, respectively). When using the unrestricted
grammar, these classi�cation errors were made both for numbers which are part of �ight
numbers (e.g. Air France four one eight classi�ed as air_france five one eight) and
for those which are part of �ight information values (e.g. Lufthansa six four �ve descend
altitude four thousand feet classi�ed as lufthansa six four five descend altitude

five thousand feet).
The callsign constraints e�ected a signi�cant reduction of such errors in classifying call-

signs; However, despite the similarity of the classi�cation errors, similar improvements
were not seen for the classi�cation of �ight information after re-scoring with the �ight
information constraints. This suggests that, even though the physical knowledge con-
straints did not achieve signi�cant improvements in accuracy in this experiment, there
is great potential for such constraints to e�ect such an improvement. Given better-
engineered physical constraints, similar improvements in �ight information classi�cation
may be achieved.
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10.4. Conclusion

By re-scoring the lattices created with the unrestricted grammar, a minimum WER of
0.44 (an 84.34% reduction over the baseline) was achieved, while re-scoring the restricted-
grammar lattices achieved a minimum WER of 0.24 (a 20% reduction over the baseline).
Similar improvements in SER were achieved, and, similarly, there were signi�cant im-
provements in MRR. Although the minimum WER and SER of classi�cation using the
unrestricted-grammar lattices after re-scoring was roughly 50% greater than that using
the resticted-grammar lattices, these signi�cant improvements were achieved while re-
taining the relatively wide coverage coverage of the unrestricted grammar: If perplexity
is used as a comparison of grammar coverage, the best results while using the unrestricted
grammar were only roughly 50% greater than that of the restricted grammar despite that
the perplexity of the unrestricted grammar is roughly 1,383 times that of the restricted
grammar (see section 5.3 on page 32).
In conclusion, by encoding contextual knowledge as constraints in a lattice re-scoring

task, the bene�ts of a wide-coverage grammar can be used while minimising classi�cation
errors.
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11. Implications of results

11.1. Lattice re-scoring

There are already many successful methods for lattice (and n-best list) re-scoring, both
using data-driven and symbolic methods [cf. 40, 41, 49, 61, 63]. In this experiment, it has
been shown that dynamic contextual knowledge can be used for re-scoring by encoding
them as linear and logical constraints. In this way, lattices can re-scored according to
their speci�c context at runtime.

11.1.1. Dynamic vs. static knowledge

There have already been successful attempts at knowledge-based lattice re-scoring, such
as using articulatory information [cf. 40, 61]. However, in this experiment, the knowledge
used to successfully re-scored lattices was not only static in relation to the domain of
classi�cation but also dynamic: For example, the articulatory knowledge used by Li,
Tsao and Lee [40] is robust to speech variations [40, p. I-837]. Likewise, in the case
of a single ATC scenario (such as in the context of a given airspace on a given day),
the knowledge about which aircraft callsigns can be expected is static for the given
domain (see section 10.2.1 on page 65). However, the callsigns which can be expected
given a current time in the scenario is dependent on the time; No analogously-dynamic
knowledge was incorporated into the articulatory classi�er used by Li, Tsao and Lee [40].
Although the results of using such dynamic constraints were not signi�cantly better than
similar static constraints in this experiment, they have the potential to achieve a large
improvement over their static counterparts given a much larger domain (see section 10.2.1
on page 66).
Nevertheless, as shown by the relative ine�ectiveness of the physical knowledge con-

straints, such constraints (whether static or dynamic) must be engineered in a way that
they are very speci�c semantically: The less speci�c they are, the lower the probability
that they will a�ect re-scoring (see section 10.2.2 on page 68).

11.1.2. Hand-crafted constraints vs. data-driven methods

Many lattice (and n-best list) re-scoring methods employ data-driven methods, such as by
re-scoring with more-sophisticated language models [cf. 41] or by minimising expected
word error based on posterior probabilities [cf. 63]. Therefore, such methods are not
available for re-scoring in domains for which there is little training data (such as that of
ATC in this experiment).
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However, the results of this experiment show that large amounts of data are not needed
to improve classi�cation through re-scoring: The constraints in this experiment were
hand-crafted based on linguistic and semiotic theory as well as general world knowledge.
This experiment is not the �rst attempt at improving data-driven classi�cation through
symbolic methods [cf. 6, 7, 33]; However, in encoding dynamic knowledge as explained
in the previous section, it uses a novel approach to utilise knowledge which cannot be
easily incorporated as a set of (local) features into a probabilistic model.

11.2. Probablistic classi�cation

As Moore [47] expressed, data-driven methods for improving ASR accuracy � and by
extension the accuracy of any probabilistic classi�er � is limited by the very premise on
which they are based: The availability of (typically very large amounts of) training data.
However, this experiment has shown that it is possible to incorporate contextual knowl-
edge into a classi�cation system to improve accuracy without modifying the weighted
feature function-based classi�cation fΦ(x, y) represented by the probabilistic classi�er
itself (see chapter 6 on page 38).

11.2.1. Classi�cation in a multi-modal context

Incorporating multi-modal knowledge in ASR is not a new topic [cf. 26, 58, 66, 76,
78]. However, this experiment has shown that it is possible to utilise this knowledge for
improving o�-the-shelf ASR systems like Millennium [73]: The probability distribution
used for the weighted feature function-based classi�cation ofMillennium fΦ(x, y) was left
unmodi�ed and the results were simply re-scored as a linear combination of the original
score fΦ(x, y) and the constraint-based knowledge score fC(x, y) for a hypothesis y (see
chapter 6 on page 38).
Therefore, with this method, it is possible to apply contextual knowledge to any ASR

system � and by extension to any probabilistic classi�er � for improving classi�cation
accuracy.

11.2.2. Classi�cation in a dynamic context

As described in section 11.1.1 on the preceding page, several of the constraints used
in this experiment encode dynamic contextual knowledge which would be di�cult to
infer from training data as local features. There are many di�erent methods for in-
corporating dynamicism into probabilistic classi�cation, such as incorporating multiple
context-sensitive probability distributions [cf. 41, 57, 62]. What is interesting about the
methods used in this experiment, however, is that it is non-probabilistic and based largely
on symbolic reasoning about the current context state. Therefore, constraints based on
more-sophisticated reasoning systems could be used in place of the simple constraints
applied in this experiment [cf. 55, 72].
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11.3. Unresolved issues

Although the experiment was largely successful in re-scoring using static and dynamic
knowledge, there were a number of issues which need to be addressed: Firstly, there
was a lack of in-domain training data for the ASR acoustic and language models which
negatively impacted classi�cation accuracy; Secondly, the KSs utilised in this experiment
for re-scoring could not be properly taken advantage of due to the simplicity of the
reasoning system used, namely the application of simple declarative logical constraints.

11.3.1. Modelling

The vast majority of classi�cation errors were of numbers for either grammar both before
and after re-scoring, as described in section 10.3 on page 69. Although many of these
errors were corrected after re-scoring with the callsign constraints (see section 9.2.1 on
page 59), the majority of the the �ight information errors were not corrected through re-
scoring and so the word error count for numbers was still relatively high. This indicates a
great discrepancy between the ASR speech and language models and the true probability
distribution in this area (see sections 5.3 on page 32 and 5.4 on page 34). It seems that
the very small amount of training data used, which was largely derived from general
sources like new broadcasts and lecture recordings, was not suitable for classi�cation in
the domain of ATC.
It seems that at least a certain degree of quality in-domain training data is required

regardless of the methods used to minimise problems related to a small amount of in-
domain training data. Therefore, the accuracy of the ATC ASR system described in this
thesis could have been much better given a proper set of training data for ATC.

11.3.2. Knowledge-based reasoning

As described in section 10.2.3 on page 69, the accuracy improvements seen after re-scoring
using physical situational knowledge was relatively small, even though the improvement
seen from re-scoring using referential knowledge was relatively large (see section 10.2.1
on page 66). The physical knowledge encoded by such �ight information constraints was
relatively simple, and so it seems that a more-sophisticated reasoning system may be
required in order to achieve accuracy improvements based on physical knowledge.
Alternatively, other forms of reasoning may be employed, such as by predicting future

user behaviour: For example, Schäfer [58] as well as Young, Ward and Hauptmann [77]
incorporated prediction of future commands the user (e.g. in this case, the air tra�c
controller) may give.
In conclusion, it seems that simple declarative constraints in themselves are not so-

phisticated enough to encode enough dynamic situational knowledge to be e�ective in
re-scoring.
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11.4. Conclusion

In conclusion, this experiment has shown that it is possible to improve classi�cation accu-
racy through lattice re-scoring by using both static and dynamic KSs in a given context,
by encoding these KSs as declarative constraints in constraint programming fC(x, y)
(see chapter 6 on page 38). Despite the insu�ciency of the training data supplied for the
ASR system for to the domain at hand, signi�cant improvements in classi�cation accu-
racy were achieved through re-scoring. This allows the usage of a much wider-coverage
grammar without the increases in classi�cation error which are usually associated with
such a higher-perplexity grammar.
The dynamic KSs did not achieve a signi�cant improvement over their static coun-

terparts given the dataset used in this experiment (namely the simulated ATC scenario
used). However, it has been demonstrated that utilising such dynamic contextual knowl-
edge has the potential to achieve great improvements in accuracy given a more complex
domain and and more sophisticated capabilities of the system to reason about the con-
text.
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12. Conclusion

In this thesis, it has been demonstrated that the accuracy of probabilistic classi�cation (in
this case, ASR) can be greatly improved through the utilisation of knowledge about the
context in which the classi�er is being used (in this case, in a simulated ATC scenario).
The speci�c KSs used (in this case, referential and physical knowledge) may be not only
static in nature but also dynamic, being dependent on the state of the context at the
time of the input being classi�ed. Such knowledge may also be multi-modal, in that
they may utilise not only the input to be classi�ed itself but also various other sources
of information: For example, in this experiment, a model of an airspace created by an
ATC simulator was used to improve the accuracy of classifying ATC commands which
were situated in the context of the ATC simulation.
Furthermore, this knowledge can be utilised for improving accuracy without encod-

ing it as features into the probabilistic model being used for classi�cation: In this ex-
periment, the accuracy of a previously-trained ASR system was improved signi�cantly
through lattice re-scoring, �rst calculating the original probabilistic score fΦ(x, y) for
each hypothesis y and then re-scoring it by adding a knowledge score fC(x, y) de�ned as
a dynamic weighted CSP encoding knowledge from various context-dependent KSs.
The weighted constraint penalty score function fC(x, y) used in this experiment was

based on symbolic reasoning and so no additional training data was needed: This
means that such methods can be used for any domain and for any context about which
knowledge-based reasoning is possible, regardless of the amount of in-domain training
data available. Therefore, this method is ideal for domains for which there is little avail-
able data (such as in ATC): Probabilistic classi�cation would already be less accurate for
such domains due to data sparsity issues, and so using such methods would have much
more potential for improving accuracy in such domains than in those for which there
is a large amount of in-domain training data. Although the accuracy of classi�cation
could be improved further given better inference (as shown by the errors in classifying
numbers), contextual knowledge-based re-scoring is nevertheless an e�ective method for
improving accuracy which can be employed in a variety of situations, including those for
which it may be di�cult to infer an accurate probabilistic model beforehand.
Therefore, it has been shown that such a method can encode complex, high-level

knowledge which may be di�cult to encode as local features in a linear model, which is
usually used in classi�cation for tractability reasons. In conclusion, dynamic contextual
knowledge-based re-scoring is a platform which provides the ability to take advantage of
many more KSs than would be possible by using only standard methods for statistical
inference; Such abilities hopefully bring classi�cation technology one step closer to the
`living system-inspired' systems described by Moore [47].
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13. Future work

In order to develop the system described in this thesis from a proof of concept to a fully-
functional (prototype) system, three areas must be addressed: Firstly, a proper corpus
of situational ATC recordings must be made and other e�orts must be made to improve
acoustic and language modelling; Secondly, a more-sophisticated reasoning system must
be developed to take advantage of the dynamic knowledge sources at hand; Thirdly,
an e�cient real-time implementation of the combined weighted feature function- and
constraint-based classi�cation score function fΦ,C(x, y) ≡ fΦ(x, y) + fC(x, y) must be
developed.

13.1. Modelling

As described in section 11.3.1 on page 73, the acoustic and language models were not a
good �t for the data seen in the domain of ATC. Therefore, a production-quality system
would require a quality set of training data of substantial size for the domain at hand,
more sophisticated methods for domain adaptation or both.

13.1.1. ATC corpus

Firstly, a corpus of recordings in ATC should be established, in which each recording
constitutes an ATC command or list of commands which is situated in context [cf. 35,
pp. 311�316]. In other words, each recording must be annotated not only with its correct
label classi�cation (e.g. Adria two three reduce speed two two zero knots ∼= adria two

three reduce speed two two zero knots) but also with the state of the ATC scenario
in which it was executed: This includes information not only about the aircraft to which
the command was issued (e.g. Adria two three ∼= ADR23 in the previous example), but
rather as much information about the entire contextual state as can be supplied; The
more situational data which can be supplied, the more sophisticated the knowledge-based
constraints that can be derived therefrom.
Just as with a normal ASR training dataset, however, the corpus should include as

many contexts as possible: Speci�cally to the domain of ATC, this dataset should include
recordings which e.g. feature signi�cant noise from various sources, as described in sec-
tion 3.1.3 on page 18. However, such a corpus should be created using only trained ATC
personnel: When collecting data using the methods described in chapter 4 on page 27
with laypersons, a large amount of recording data had to be removed because it was
deemed of insu�cient quality. Moreover, instructing laypersons in proper ICAO phrase-
ology and how to use the AMAN software proved to be strenuous and time-consuming
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even given the simpli�ed scenario used for this experiment; Therefore, the training- to
recording-time ratio was rather poor when using non-ATC personnel as participants.

13.1.2. Modelling techniques

Either as a replacement for a dedicated ATC corpus or (ideally) as an augment to it,
more sophisticated techniques should be used for inferring probability distributions from
the training data available, especially in regards to numbers, the biggest problem area
for classi�cation in the experiment. For example, it may be possible to train multiple
state-dependent sub-models for recognising speci�c parts of an utterance (especially for
numbers) [cf. 75].

13.2. Knowledge-based reasoning

The simple declarative constraints used in this experiment did not encode enough dy-
namic situational knowledge to be signi�cantly e�ective in improving accuracy, as de-
scribed in section 11.3.2 on page 73. Therefore, in order to take advantage of the dynamic
situational knowledge available in the domain of ATC, a reasoning system should be de-
veloped for reasoning about states of an ATC scenario. Speci�cally, in addition to general
logical/semantic reasoning [cf. 55], the system should incorporate reasoning about the
physical environment [cf. 72] which constitutes the airspace under control during ATC.

13.3. (Re-)scoring implementation

The lattice re-scoring method used in this experiment (described in section 5.5 on page 34)
is not meant for real-time classi�cation: The implementation of the algorithm described in
appendix D on page 95 could be improved greatly. Moreover, re-scoring every hypothesis
in a word lattice T word is neither computationally feasible nor required: Rather, these
knowledge-based constraints can be applied during the phone lattice search involved in
word lattice projection (see section 5.5.3 on page 35). Not all of these constraints are local,
and therefore some can only be applied after search has been completed; Nevertheless, by
incorporating this contextual knowledge into the original word lattices themselves, the
best-scoring classi�cation ĥ ≡ arg miny∈Y fΦ(x, y)+fC(x, y) for an input x including the
knowledge-based score fC(x, y) can be computed with relatively little extra computation.

13.4. Conclusion

Although the system designed for this experiment is not a robust, e�cient real-time
system, the principles upon which it was designed can be easily used to create a fully-
functional system with a better set of training data, more sophisticated, production-
quality knowledge reasoning, and some modi�cation of the best-hypothesis search used
by the ASR module used.
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It is unknown how such a system will compare in accuracy and performance to more
complex, sophisticated systems which incorporate multiple layers of probabilistic predic-
tions (such as that of Schäfer [58] and Young [76]). However, such a system as proposed
would be highly modular and would hopefully lose fewer of its advantages in situations
which cannot be modelled beforehand due to their non-existence in the training data at
hand.
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B. Corpus details

Table B.1.: The number of utterances each individual speaker recorded in the corpus
sorted by native language and gender.

Name Native Language Gender Count

xyl German Male 94
phi German Male 65
sen German Male 61
fri German Male 49
kla German Male 40
ben German Male 35
mir German Female 86
mja German Female 53
tsh English Male 106
sup English Male 88
ric English Male 86
nik Greek Male 72
kat Greek Female 46
ice Malayalam Male 94
mna Romanian Female 61
bor Russian Male 71

TOTAL 16 6 2 1107
MEAN � � � 69.1875
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Table B.2.: The total number of utterances recorded by speakers for each native language
and gender.

TOTALS

Gender TOTAL MEAN
Native Language Male Female

German 344 129 473 236.5
English 280 0 280 140
Greek 72 46 118 59
Malayalam 94 0 94 47
Romanian 0 61 61 30.5
Russian 71 0 71 35.5
TOTAL 871 236 1107 553.5
MEAN 1452

3 391
3 184.5 92.25

Table B.3.: Corpus recording session lengths, in simulation time, i.e. the time from the
start of the simulation until the end of recording, rather than summing the
lengths of each individual recording.

Name Length Count Count/min

mir 0:54:07 86 1.59
xyl 0:53:39 94 1.75
ice 0:51:56 94 1.81
tsh 0:49:37 106 2.15
ric 0:46:59 86 1.83
sup 0:46:37 88 1.89
nik 0:45:21 72 1.59
bor 0:43:27 71 1.63
mja 0:38:51 53 1.36
sen 0:34:52 61 1.75
phi 0:33:04 65 1.97
mna 0:31:39 61 1.93
ben 0:30:20 35 1,16
kla 0:27:30 40 1.47
kat 0:26:26 46 1.74
fri 0:22:47 49 2.15
TOTAL 10:37:12 1107 �
MEAN 0:39:49.5 69.1875 1.75
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Table B.4.: The callsigns for each aircraft which was present in the experiment ATC
simulation with its corresponding airline designator and �ight number in
natural language; As explained in section 4.2.7 on page 30, the participants
were instructed to pronounce 3 ∼= three as tree /"tôi:/ and 9 ∼= nine as niner
/"naI.n@(ô)/.

Displayed Airline Flight number

ADR23 Adria two three
ADR8687 Adria eight six eight seven
AF295 Air France two nine �ve
AF418 Air France four one eight
AF4867 Air France four eight six seven
BMA3685 Midland three six eight �ve
BMA419 Midland four one nine
BWA364 Speedbird three six four
BWA480 Speedbird four eight zero
BWA581 Speedbird �ve eight one
DLH123 Lufthansa one two three
DLH1342 Lufthansa one three four two
DLH321 Lufthansa three two one
DLH439 Lufthansa four three nine
DLH4689 Lufthansa four six eight nine
DLH495 Lufthansa four nine �ve
DLH645 Lufthansa six four �ve
DLH780 Lufthansa seven eight zero
DLH869 Lufthansa eight six nine
DLH8904 Lufthansa eight nine zero four
FIN5678 Finnair �ve six seven eight
GAO249 Golden two four nine
GAO581 Golden �ve eight one
IBE628 Iberia six two eight
IBE985 Iberia nine eight �ve
KLM498 KLM four nine eight
KLM605 KLM six zero �ve
MAH410 Malev four one zero
MAH5489 Malev �ve four eight nine
QFA6 Qantas six
QFA764 Qantas seven six four

TOTAL 31 11 31
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C. Language model details

In the experiments, two di�erent grammars were used: One is relatively restricted and
covers largely only the speci�c ATC simulation used to make the ATC corpus in the
experiments (see section 4 on page 27 and appendix B on page 81), while the other is
relatively unrestricted and covers a much greater number of possible aircraft callsigns.
The di�erence between the two grammars is in the coverage of callsigns: The restricted

grammar covers only 35 unique callsigns: The 31 in the simulation (see table B.4 on the
previous page) plus the callsigns in table C.2 on page 88), while the unrestricted gram-
mar covers 244,220 unique callsigns, with 11 airline designators · (10 one-digit �ight
numbers + 100 two-digit �ight numbers + 1,000 three-digit numbers + 10,000 four-digit
�ight numbers) · 2 for one variant with __pause__ (e.g. <callsign> <airline> adria

</airline> __pause__ <flightnumber> two three </flightnumber> </callsign>) and
one without (e.g. <callsign> <airline> adria </airline> <flightnumber> two three

</flightnumber> </callsign>).

C.1. Grammar perplexity

In order to compare the two grammars used in this experiment, the perplexity of the
grammars was de�ned using Shannon entropy PP (S) ≡ bHb(S) [43, p. 78, 60], instead of
using cross-entropy, as is often done [cf. 32, pp. 150�151]. Furthermore, the probability
P (s) of a sentence able to be produced by the grammar s ∈ S is de�ned as the MLE
of the sentence P (s) ≡ MLE(s), where MLE(s) ≡ N(s)/N = 1/|S| and N(s) = 1
[43, pp. 197 sqq.]. By de�ning the probability of a sentence as the MLE, the perplexity
of a grammar PP (S) is equal to the size of the set of all possible sentences able to be
produced by the grammar:
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PP (S) = |S| where P (s) ≡MLE(s), N(s) = 1.

PP (S) ≡ bHb(S) [43, p. 78]

Hb(S) ≡ −
∑
s∈S

P (s) logb P (s) [43, p. 61]

P (s) ≡MLE(s)

MLE(s) ≡ N(s)/N [43, pp. 197 sqq.]

MLE(s) = 1/|S| where N(s) = 1

Hb(S) = −
∑
s∈S

1

|S|
logb

1

|S|

= − logb
1

|S|
= logb |S|

PP (S) = blogb |S|

log−1
b x = bx

PP (S) = |S|

(C.1.1)

C.2. Vocabulary

Both grammars have the same vocabulary, each word thereof being mapped to a unique
integer which is used to represent the words in the lattices.

C.2.1. Concept labels

The vocabulary Γ used by the two grammars contains symbols which not only correspond
to natural-language words such as descend ∼= descend and air_france ∼= Air France
(see section 4.2.4 on page 29) but also to a set of symbols representing semantic concepts
according to template-�ller semantics [cf. 71]. These symbols facilitate machine reading
of the ASR output during natural language understanding (see section E.1 on page 100
for more details): For each concept α (e.g. Airline, FlightNumber and Altitude),
there is a start tag start_tag(α) ∈ Γ and end tag end_tag(α) ∈ Γ � The semantic
content of a concept α is entailed by the terminal categories (i.e. labels) between these
tags:∗

∀
γi
∀
γk
∀

i<j<k
γj → α where γi = start_tag(α), γk = end_tag(α) (C.2.1)

∗In this implementation, the grammar vocabulary Γ, which is the set of symbols output by the ASR
system, is a sub-set of the set of ASR input symbols Γ ⊂ Σ: The relative complement of the set of
output symbols in the set of input symbols Σ \ Γ is the set of ASR phone symbols.
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In this implementation, these symbols are in the form of XML tags, the name of
which corresponds to the concept name: For example, a machine-readable label sequence
denoting the callsign Adria two three is <callsign> <airline> adria </airline>

<flightnumber> two three </flightnumber> </callsign>. Due to the fact that such
concept tags may be nested, concepts may form a concept tree, where any concept is en-
tailed by its sub-concepts: For instance, in the previous example, an airline concept
Airline and the symbol adria which entails it in conjunction with a �ight number con-
cept FlightNumber and the symbol sequence two three which entails it transitively
entail a callsign concept Callsign:

Callsign↔ Airline ∧ FlightNumber (C.2.2)

These machine-readable concept tags are used for parsing concepts and the semantic
information they denote during semantic interpretation while re-scoring a hypothesis
based on contextual information (see appendix E on page 100 for details).

Table C.1.: The vocabulary used by the ASR grammars, which maps each word string
to a unique integer label.

Word Integer

eps 0
<s> 1
</s> 2
% 3
adria 4
air_france 5
<airline> 6
</airline> 7
airspeed 8
altitude 9
<altitude> 10
</altitude> 11
approach 12
by 13
<callsign> 14
</callsign> 15
cleared 16
</command> 17
<command_type="cleared"> 18
<command_type="contact"> 19
<command_type="descend"> 20
<command_type="reduce"> 21
<command_type="turn"> 22
<command_type="turncleared"> 23
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Table C.1.: Grammar vocabulary (continued)

Word Integer

contact 24
descend 25
<direction> 26
</direction> 27
eight 28
feet 29
finn_air 30
five 31
flight 32
<flightlevel> 33
</flightlevel> 34
<flightnumber> 35
</flightnumber> 36
four 37
golden 38
heading 39
<heading> 40
</heading> 41
hundred 42
iberia 43
ils 44
klm 45
knots 46
left 47
level 48
lufthansa 49
malev 50
midland 51
nine 52
ninety 53
on 54
one 55
__pause__ 56
qnh 57
<qnh> 58
</qnh> 59
qantas 60
reduce 61
right 62
runway 63
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Table C.1.: Grammar vocabulary (continued)

Word Integer

<runway> 64
</runway> 65
seven 66
six 67
speed 68
<speed> 69
</speed> 70
speedbird 71
thousand 72
three 73
tower 74
turn 75
two 76
zero 77
TOTAL 78

C.3. Restricted grammar

Table C.2.: The aircraft callsigns which are covered by the restricted grammar but are
not in the ATC simulation (see table B.4 on page 83 above).

Displayed Airline Flight number

DLH765 Lufthansa seven six �ve
DLH9879 Lufthansa nine eight seven nine
FIN4321 Finnair four three two one
GAO6987 Golden six nine eight seven

TOTAL 4 3 4
∪ simulation callsigns 35 11 35

Listing C.1: The restricted grammar used for generating lattices, in Nuance grammar
format as used by the ASR system [48].

1 .SENTENCE [

2 (CALLSIGN ?PAUSE COMMAND)

3 ]

4
5 PAUSE [

6 __pause__

7 ]

8
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9 CALLSIGN [

10 ( <callsign > [

11 ( <airline > qantas </airline > <flightnumber > six </flightnumber > )

12 ( <airline > qantas </airline > <flightnumber > seven six four

</flightnumber > )

13 ( <airline > lufthansa </airline > <flightnumber > one two three

</flightnumber > )

14 ( <airline > lufthansa </airline > <flightnumber > four nine five

</flightnumber > )

15 ( <airline > lufthansa </airline > <flightnumber > three two one

</flightnumber > )

16 ( <airline > lufthansa </airline > <flightnumber > eight six nine

</flightnumber > )

17 ( <airline > lufthansa </airline > <flightnumber > four six eight nine

</flightnumber > )

18 ( <airline > lufthansa </airline > <flightnumber > one three four two

</flightnumber > )

19 ( <airline > lufthansa </airline > <flightnumber > four three nine

</flightnumber > )

20 ( <airline > lufthansa </airline > <flightnumber > nine eight seven

nine </flightnumber > )

21 ( <airline > lufthansa </airline > <flightnumber > six four five

</flightnumber > )

22 ( <airline > lufthansa </airline > <flightnumber > seven eight zero

</flightnumber > )

23 ( <airline > lufthansa </airline > <flightnumber > seven six five

</flightnumber > )

24 ( <airline > lufthansa </airline > <flightnumber > eight nine zero four

</flightnumber > )

25 ( <airline > midland </airline > <flightnumber > four one nine

</flightnumber > )

26 ( <airline > midland </airline > <flightnumber > three six eight five

</flightnumber > )

27 ( <airline > speedbird </airline > <flightnumber > five eight one

</flightnumber > )

28 ( <airline > speedbird </airline > <flightnumber > three six four

</flightnumber > )

29 ( <airline > speedbird </airline > <flightnumber > four eight zero

</flightnumber > )

30 ( <airline > air_france </airline > <flightnumber > four one eight

</flightnumber > )

31 ( <airline > air_france </airline > <flightnumber > two nine five

</flightnumber > )

32 ( <airline > air_france </airline > <flightnumber > four eight six

seven </flightnumber > )

33 ( <airline > iberia </airline > <flightnumber > nine eight five

</flightnumber > )

34 ( <airline > iberia </airline > <flightnumber > six two eight

</flightnumber > )

35 ( <airline > klm </airline > <flightnumber > four nine eight

</flightnumber > )

36 ( <airline > klm </airline > <flightnumber > six zero five

</flightnumber > )

37 ( <airline > malev </airline > <flightnumber > four one zero
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</flightnumber > )

38 ( <airline > malev </airline > <flightnumber > five four eight nine

</flightnumber > )

39 ( <airline > adria </airline > <flightnumber > two three

</flightnumber > )

40 ( <airline > adria </airline > <flightnumber > eight six eight seven

</flightnumber > )

41 ( <airline > finn_air </airline > <flightnumber > five six seven eight

</flightnumber > )

42 ( <airline > finn_air </airline > <flightnumber > four three two one

</flightnumber > )

43 ( <airline > golden </airline > <flightnumber > five eight one

</flightnumber > )

44 ( <airline > golden </airline > <flightnumber > six nine eight seven

</flightnumber > )

45 ( <airline > golden </airline > <flightnumber > two four nine

</flightnumber > )

46 ] </callsign > )

47 ]

48
49 NUMBER [

50 (one)

51 (two)

52 (three)

53 (four)

54 (five)

55 (six)

56 (seven)

57 (eight)

58 (nine)

59 (zero)

60 ]

61
62 COMMAND [

63 (<command_type =" reduce"> REDUCE </command >)

64 (<command_type =" descend"> DESCEND </command >)

65 (<command_type ="turn"> TURN </command >)

66 (<command_type =" cleared"> CLEARED </command >)

67 (<command_type =" contact"> CONTACT </command >)

68 ]

69
70 REDUCE [

71 (reduce [speed airspeed] SPEED knots)

72 ]

73
74 SPEED [

75 ( <speed >

76 [

77 ( one [two three four five six seven eight nine] zero )

78 ( two NUMBER zero )

79 ( three [zero one two three four five] zero )

80 ( [one two three] hundred )

81 ]

82 </speed > )
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83 ]

84
85 DESCEND [

86 ( descend altitude ALTITUDE feet ?BYQNH )

87 ( descend flight level FLIGHT_LEVEL )

88 ]

89
90 BYQNH [

91 (by qnh QNH)

92 ]

93
94 QNH [

95 ( <qnh > one zero one NUMBER </qnh > )

96 ]

97
98 ALTITUDE [

99 ( <altitude > [two three four five] thousand </altitude > )

100 ]

101
102 FLIGHT_LEVEL [

103 ( <flightlevel >

104 [

105 ( [one two] NUMBER zero )

106 ( three [one two zero] zero )

107 ( [six seven eight nine] zero )

108 ( [one two three] hundred )

109 ]

110 </flightlevel >)

111 ]

112
113 TURN [

114 (turn DIRECTION heading HEADING)

115 ]

116
117 DIRECTION [

118 ( <direction > left </direction > )

119 ( <direction > right </direction > )

120 ]

121
122 HEADING [

123 (<heading > NUMBER NUMBER zero </heading >)

124 ]

125
126 CLEARED [

127 (cleared ?on ils approach ?runway RUNWAY)

128 ]

129
130 RUNWAY [

131 (<runway > NUMBER NUMBER [left right] </runway >)

132 ]

133
134 CONTACT [

135 (contact tower one ninety nine)

136 ]
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C.4. Unrestricted grammar

Listing C.2: The unrestricted grammar used for generating lattices, in Nuance grammar
format as used by the ASR system [48].

1 .SENTENCE [

2 (CALLSIGN ?PAUSE COMMAND)

3 ]

4
5 PAUSE [

6 __pause__

7 ]

8
9 CALLSIGN [

10 ( <callsign > AIRLINE ?__pause__ FLIGHT_NUMBER </callsign > )

11 ]

12
13 AIRLINE [

14 (<airline > adria </airline >)

15 (<airline > air_france </airline >)

16 (<airline > finn_air </airline >)

17 (<airline > golden </airline >)

18 (<airline > iberia </airline >)

19 (<airline > klm </airline >)

20 (<airline > lufthansa </airline >)

21 (<airline > malev </airline >)

22 (<airline > midland </airline >)

23 (<airline > qantas </airline >)

24 (<airline > speedbird </airline >)

25 ]

26
27 FLIGHT_NUMBER [

28 (<flightnumber > NUMBER </flightnumber >)

29 (<flightnumber > NUMBER NUMBER </flightnumber >)

30 (<flightnumber > NUMBER NUMBER NUMBER </flightnumber >)

31 (<flightnumber > NUMBER NUMBER NUMBER NUMBER </flightnumber >)

32 ]

33
34 NUMBER [

35 (one)

36 (two)

37 (three)

38 (four)

39 (five)

40 (six)

41 (seven)

42 (eight)

43 (nine)

44 (zero)

45 ]
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46
47 COMMAND [

48 (<command_type =" reduce"> REDUCE </command >)

49 (<command_type =" descend"> DESCEND </command >)

50 (<command_type ="turn"> TURN </command >)

51 (<command_type ="turn"> TURN </command > <command_type =" cleared">

CLEARED </command >)

52 (<command_type =" cleared"> CLEARED </command >)

53 (<command_type =" contact"> CONTACT </command >)

54 ]

55
56 REDUCE [

57 (reduce [speed airspeed] SPEED knots)

58 ]

59
60 SPEED [

61 ( <speed >

62 [

63 ( one [two three four five six seven eight nine] zero )

64 ( two NUMBER zero )

65 ( three [zero one two three four five] zero )

66 ( [one two three] hundred )

67 ]

68 </speed > )

69 ]

70
71 DESCEND [

72 ( descend altitude ALTITUDE feet ?BYQNH )

73 ( descend flight level FLIGHT_LEVEL )

74 ]

75
76 BYQNH [

77 (by qnh QNH)

78 ]

79
80 QNH [

81 ( <qnh > one zero one NUMBER </qnh > )

82 ]

83
84 ALTITUDE [

85 ( <altitude > [two three four five] thousand </altitude > )

86 ]

87
88 FLIGHT_LEVEL [

89 ( <flightlevel >

90 [

91 ( [one two] NUMBER zero )

92 ( three [one two zero] zero )

93 ( [six seven eight nine] zero )

94 ( [one two three] hundred )

95 ]

96 </flightlevel >)

97 ]

98
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99 TURN [

100 (turn DIRECTION heading HEADING)

101 ]

102
103 DIRECTION [

104 ( <direction > left </direction > )

105 ( <direction > right </direction > )

106 ]

107
108 HEADING [

109 (<heading > NUMBER NUMBER zero </heading >)

110 ]

111
112 CLEARED [

113 (cleared ?on ils approach ?runway RUNWAY)

114 ]

115
116 RUNWAY [

117 (<runway > NUMBER NUMBER [left right] </runway >)

118 ]

119
120 CONTACT [

121 (contact tower one ninety nine)

122 ]
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D. Lattice search details

The phone lattice WFSTs T phone used for scoring are non-deterministic and may contain
multiple edges which output a non-word label symbol, e.g. ε or concept symbols as
described in section C.2.1 on page 85. Furthermore, a phone lattice and its corresponding
WFST may contain cycles. Due to these properties, a traditional implementation of
Viterbi search [5, pp. 629�631, 69] cannot be used for calculating the score of a word label
sequence yword ≡ 〈γword

1 . . . γword
n 〉. Therefore, a search algorithm was implemented which

�nds the score of the best-scoring corresponding output symbol sequence y ≡ 〈γ1 . . . γm〉,
which may contain such non-word symbols and so the length of the word label sequence
n may not equal that of the output symbol sequence m (see section 5.5.3 on page 35 for
details).
In order to �nd the best-scoring sequence of transitions δ(qi−1, σi, γi, qi) in a phone

lattice WFST T which outputs a symbol sequence y corresponding to the given word
label sequence yword, a breadth-�rst search of the phone lattice is performed, using each
output symbol as an intermediate goal in the complete path which is to be found and
which represents the entire word label sequence. This is done by iteratively expanding
all edges 〈sd, σd, γd, wd, ed〉 ∈ δ for which the start state sd = qi−1 and the output symbol
γd = γi for each label in the sequence γ1 . . . γn. The score of the best-scoring path to
each unique state for each iteration (i.e. for each output label and thus for each path
segment) is stored in an associative array (see algorithm D.1 on the following page).

D.1. Goal edge search

In each iteration, the goal edge updating function
update_goal_edges(γy, state, score, scores

′, visited_states, δ) in
algorithm D.2 on page 97 updates the score score of the best-scoring path to a given
state state by adding score to the transition weight w for each transition with the given
end state as a start state, i.e. for all 〈s, σ, γd, w, e〉 ∈ δ where γd = γy and s = state: For
each of these goal edges, an updated path score score′ ≡ score + w is calculated and
put into the associative array scores′ (scores′[e] ← score′) if the transition end state e
is not already in the array; In the case that the array already contains a reference to the
end state e, the path score for the given state is re-assigned only if it is less than the one
currently in the array (see algorithm D.3 on page 97). Likewise, the best path to the
given state is also added an associative array visited_states which represents the best
path to all states visited during the given search iteration � not just the goal states: See
section D.2.1 on page 97 for details on how this information is used by an edge expansion
search heuristic to avoid exploring a transition path more than once.
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Algorithm D.1 Lattice search

function update(γy, scores, scores
′, visited_states, δ) . scores[Q] 7→ R,

visited_states[Q] 7→ R, d ∈ δ ≡ 〈s, σ, γ, w, e〉
for state ∈ scores do

score← scores[state] . The score of the best-scoring path to state
update_goal_edges(γy, state, score, scores

′, visited_states, δ) . See
algorithm D.2 on the next page

update_pre_goal_edges(γy, state, score, scores, scores
′, visited_states, δ) .

See algorithm D.4 on page 98
end for

return scores′

end function

procedure score(y, δ) . y ≡ 〈γ1 . . . γn〉, d ∈ δ ≡ 〈s, σ, γ, w, e〉
for 〈s, σ, γd, w, e〉 ∈ δ where s = q0 ∧ γd = γ1 do

scores[e]← w . Put the transition end state and weight into an associative
array of initial transition scores

end for

if |y| > 1 then

for γ2 . . . γn ∈ y do
scores′ ← {} . Construct an associative array of updated path scores to

goal states
visited_states← {} . Construct an associative array of path scores to all

visited states
scores← update(γi, scores, scores

′, visited_states, δ)
end for

end if

return minstate scores[state] . Return the minimum �nal path score
end procedure

D.2. Pre-goal edge search

Although ε-transitions are removed in projecting the ASR phone lattice to the word lat-
tice, there may be multiple transitions for a given state in the phone lattice which do
not output explicit word symbols (including ε) (see section 5.5.3 on page 35). These
include transitions which have non-word labels as output symbols which represent con-
cepts, which are used for machine reading during re-scoring (see section C.2.1 on page 85).
Therefore, label sequences including these non-word symbols are considered equivalent to
those without during scoring (see formula 5.5.3 on page 36 and section C.2.1 on page 85).
In order to �nd the score of the best-scoring path fΦ(x, y) through the phone lattice

WFST T phone for the word label sequence yword ≡ 〈γword
1 . . . γword

n 〉, these non-word
transitions must be traversed for each word label γword

i in order to �nd the best-scoring
path to a state which outputs the next word label γword

i+1 .
For each of these pre-goal edges, the function
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Algorithm D.2 Lattice search: Updating goal edges

function update_goal_edges(γy, state, score, scores
′, visited_states, δ) .

state ∈ Q, score ∈ R, scores[Q] 7→ R, visited_states[Q] 7→ R, d ∈ δ ≡ 〈s, σ, γ, w, e〉
for 〈s, σ, γd, w, e〉 ∈ δ where γd = γy ∧ s = state do

score′ ← score+ w
put(state, score′, scores′) . See algorithm D.3
put(state, score′, visited_states)

end for

end function

Algorithm D.3 Lattice search: Putting path scores into an associative array

function put(state, score, scores) . state ∈ Q, score ∈ R, scores[Q] 7→ R
if state ∈ scores then

current_score← scores[state] . The score of the best-scoring path to state
if score < current_score then

scores[state]← score
end if

else

scores[state]← score
end if

end function

update_pre_goal_edges(γi, state, score, scores, scores
′, visited_states, δ) in

algorithm D.4 on the next page performs a depth-�rst search for the goal edge by expand-
ing the pre-goal edge, updating the path score score′ ≡ scores[state] + wd just as done
with goal edges. However, unlike the goal edge updating function update_goal_edges(·)
in section D.1 on page 95, instead of putting this information directly in scores′, the goal
and pre-goal edges for the next state e are recursively expanded, passing the updated
path score score′ to the recursively-called function
update(γi, ed, score

′, scores, scores′, visited_states, δ) in algorithm D.1 on the previous
page. In this fashion, the algorithm expands an arbitrary number of intermediate pre-
goal edges while performing a depth-�rst search for a transition or transitions outputting
the goal label γi and puts the goal path results in the path score map scores′i for the
given output label updating iteration for γi ∈ y.

D.2.1. Pre-goal edge expansion heuristic

Due to the fact that there may be many ε-transitions which must be traversed as pre-
goal edges in order to �nd the next goal edge outputting the word label γword

i+1 , pre-
goal edge search can be computationally expensive. However, the linear combination
of transition weights

∑n
i=1 δ(qi−1, σi, γi, qi) is a strictly increasing monotonic function:

With the exception of cases involving weight pushing [74, pp. 249�251], a transition
weight is always greater than zero, and so, for every edge traversed, the score increases:
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Algorithm D.4 Lattice search: Updating pre-goal edges

Γword = Γ \ Γword . The set of non-word labels (e.g. ε; see section 5.2 on page 32)
function update_pre_goal_edges(γy, state, score, scores, scores

′, visited_states, δ)
. state ∈ Q, score ∈ R, scores[Q] 7→ R, visited_states[Q] 7→ R, d ∈ δ ≡ 〈s, σ, γ, w, e〉

for 〈s, σ, γd, w, e〉 ∈ δ where γd ∈ Γword ∧ s = state do
score′ ← score+ w
if should_be_expanded(state, score′, visited_states) = true then . See

algorithm D.5 on the next page
update_goal_edges(γy, scores, scores

′, visited_states, δ) . See
algorithm D.2 on the preceding page

update_pre_goal_edges(γy, scores, scores
′, visited_states, δ)

end if

end for

end function

δ(qi−1, σi, γi, qi) < δ(qi−1, σi, γi, qi) + δ(qi, σi+1, γi+1, qi+1).
Using this knowledge, a simple search heuristic was implemented which prunes away

pre-goal edges for which the sum of the current path score s ≡
∑n

i=1 δ(qi−1, σi, γi, qi)
and the transition weight δ(qn, σn+1, γn+1, qn+1) is less than the score of the current best
path to the next state qn+1:

should_be_expanded(p, V ) ≡{
1 if {v ∈ V : same(v, p) ∧ [[score(v) ≤ score(p)]]} = ∅
0 otherwise

score(p) ≡
|p|∑

〈qi,γi〉∈p

δ(qi−1, σi, γi, qi)

same(pa, pb) ≡ [[last(pa) = last(pb)]]

last(p) ≡ q ∈ en ∈ p
where p ≡ 〈e1 . . . en〉, e ≡ 〈q, γ〉

(D.2.1)

Given the current best path score to a given state, an outgoing pre-goal edge from
state is expanded during search only if the heuristic function
should_be_expanded(state, score, visited_states) returns true (see algorithm D.5 on
the next page) [cf. 55, pp. 105 sqq.].
This heuristic is rather conservative in the edges it prunes away: In reality, there may

be pre-goal edges which have an updated path score s′ ≡ s + δ(qn, σn+1, γn+1, qn+1)
which is less than the current best path score but, nevertheless, subsequently updated
path scores s′′ ≡ s′ + δ(qn+1, σn+2, γn+2) are not less than the best path score: It would
be possible to e.g. prune away all pre-goal edges for which the updated path score s′ plus
a constant l which represents the least weight of all pre-goal edges (e.g. 30.4643 in the
case of the grammars used in this experiment) is equal to or greater than the current
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Algorithm D.5 Lattice search: Pre-goal edge expansion heuristic

function should_be_expanded(state, score, visited_states) .
state ∈ Q, score ∈ R, visited_states[Q] 7→ R

if state ∈ visited_states then
current_score← visited_states[state]. The score of the best-scoring path to

state
return [[score < current_score]]

else

return true

end if

end function

best path score, given that the subsequent path s′′ with the lowest score will be at least
s′′ ≥ s′+ l. However, this entails that l must be tuned speci�cally for each dataset: If the
value is too low, the heuristic would not be e�ective, but if it is too high, the heuristic
would no longer be admissible and so the optimal solution (or any solution at all) may
not be found [cf. 55, pp. 107�109].
Therefore, by pruning the edges which result in a new path score equal to or greater

than the current best path to the goal label γword
i+1 before the edges are expanded, the

number of active paths which must be searched is minimised while retaining admissibil-
ity.
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E. Re-scoring methods

In order to calculate the knowledge score fC(x, y) for a hypothesis y, a vector of semantic
attributes is parsed from the hypothesis using the concept labels in the vocabulary (see
section C.2.1 on page 85); This frame-based semantic representation [cf. 71] is evaluated
against the predicates encoded by the constraint set C.

E.1. Concept parsing

In order to parse concepts from the label sequence y ≡ 〈γ1 . . . γn〉, a version of a simple LR
parser [9, pp. 33�55] was implemented which parses the semantic content of individual
concepts denoted by the label sequence (e.g. Callsign or Altitude) and returns a
vector of semantic attributes parse : Y 7→ Z, where z ∈ Z ≡

[
z1 · · · zn

]
.

For the CFGs described in section 5.3 on page 32 and appendix C on page 84, a non-
terminal grammar category N which denotes a concept α features the corresponding
concept start tag start_tag(α) as the �rst terminal category γ1 = start_tag(α) in the
right-hand side of the corresponding production ruleN → γ1 . . . γn and the corresponding
end tag end_tag(α) as the last terminal category γn = end_tag(α) in the right-hand
side (see section 5.2 on page 32). During parsing, a concept tree represented by nested
concept tags and the symbols they contain is created by maintaining a stack of concepts
α1 . . . αn, shifting a new concept αn+1 onto the stack when the corresponding concept
start tag start_tag(αn+1) is parsed, and adding a terminal category (i.e. output symbol)
to the concept on the top of the stack when the label is parsed. When a concept end tag
end_tag(αn) is parsed, the stack is reduced, popping the last concept αn and adding it to
the ordered set of children of the previous concept children(αn−1) ← children(αn−1) ∪
αn. Therefore, each concept α has a parent-child relationship with others in the concept
tree, maintaining references to any children it has.
Finally, when a concept end tag end_tag(αn) is parsed, the contents of that concept

are parsed by a formatter which converts the content labels γi . . . γn−1 (where γj =
start_tag(αn) and initially i = j + 1) into an internal representation, e.g. parsing the
integer value 70 given the labels <flightlevel> seven zero </flightlevel> denoting
a �ight level or parsing the alphanumeric string ADR23 given <callsign> <airline>

adria </airline> <flightnumber> two three </flightnumber> </callsign>.
These parsed values are then converted into numeric attribute values and put into an
attribute vector z ≡

[
z1 · · · zn

]
, where n is the count of all concept types (n = |A|),

e.g. αfl for FlightLevel concepts and αcallsign for Callsign concepts. This attribute
vector is used for semantic interpretation in natural language understanding using frame-
and-slot semantics.
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E.2. Situation modelling

In order to create a situation model representing the ATC simulation at the time the
utterance was made, the di�erence is calculated between the time of the start of the
recording session and the timestamp of a given utterance. This time o�set τ is then used
to obtain the simulation data from the 4D-CARMA server log �le (see section 4.2.1 on
page 27) which represents the �ight information for all aircraft in the simulation airspace
at the time of the utterance within an envelope of τ − 5 . . . τ seconds. This situation
model is used to evaluate constraints given an utterance to be re-scored.

E.3. Semantic interpretation

After parsing an attribute vector representing the concepts denoted by the words in a
given label sequence, this attribute vector is used in semantic interpretation [cf. 19, 65]
to create a template representing the semantic information denoted by the utterance [cf.
71]: For example, see �gure E.1.

Figure E.1.: A semantic template representing an ATC utterance (speci�cally, Adria two
three turn left heading two �ve zero).

s


Callsign ADR23

Command

turn

[
Direction left

Heading 250

]
This semantic template is used in addition to the situation model representing the

ATC simulation state at the time of the utterance in order to evaluate constraints in the
context in which the utterance the template represents was made.
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F. Baseline results

Table F.1.: Baseline WER and SER results by speaker for classi�cation using the re-
stricted grammar.

Group WER SD SER

ben 0.00 0.00 0.00
bor 0.00 0.00 0.00
fri 0.64 0.64 6.12
ice 0.00 0.00 0.00
kat 0.23 0.28 2.17
kla 0.26 0.25 2.50
mir 0.00 0.00 0.00
mja 1.98 1.95 18.87
mna 0.86 0.90 8.20
nik 0.00 0.00 0.00
phi 0.16 0.16 1.54
ric 1.34 1.19 12.79
sen 0.00 0.00 0.00
sup 0.00 0.00 0.00
tsh 0.00 0.00 0.00
xyl 0.00 0.00 0.00
MEAN 0.30 0.33 2.89
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Table F.2.: Baseline MRR results by speaker for classi�cation using the restricted
grammar.

Group MRR SD

ben 1.000000 0.000000
bor 1.000000 0.000000
fri 0.969388 0.014369
ice 1.000000 0.000000
kat 0.989130 0.005317
kla 0.987500 0.006094
mir 1.000000 0.000000
mja 0.896226 0.050552
mna 0.954918 0.023582
nik 1.000000 0.000000
phi 0.992308 0.003787
ric 0.906977 0.066928
sen 1.000000 0.000000
sup 1.000000 0.000000
tsh 1.000000 0.000000
xyl 1.000000 0.000000
MEAN 0.982611 0.011272
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Table F.3.: Baseline WER and SER by speaker for classi�cation using the unrestricted
grammar.

Group WER SD SER

ben 3.87 2.61 37.14
bor 1.78 2.42 14.08
fri 2.12 1.85 20.41
ice 1.11 1.16 10.64
kat 5.69 19.66 34.78
kla 2.34 3.33 17.50
mir 3.41 2.43 32.56
mja 6.75 11.41 41.51
mna 6.54 5.06 52.46
nik 1.02 1.07 9.72
phi 2.90 2.75 26.15
ric 6.21 6.46 44.19
sen 0.69 0.75 6.56
sup 2.26 2.18 20.45
tsh 1.09 1.55 9.43
xyl 0.89 0.86 8.51
MEAN 2.81 3.98 22.58

Table F.4.: Baseline MRR by speaker for classi�cation using the unrestricted grammar.

Group MRR SD

ben 0.766463 0.101094
bor 0.897746 0.071116
fri 0.873299 0.066182
ice 0.936170 0.035967
kat 0.768034 0.111364
kla 0.873719 0.082068
mir 0.812081 0.079058
mja 0.695232 0.148300
mna 0.664821 0.118419
nik 0.942130 0.034074
phi 0.845876 0.074785
ric 0.605491 0.207323
sen 0.959563 0.024339
sup 0.881117 0.059157
tsh 0.947889 0.027276
xyl 0.948582 0.028976
MEAN 0.848671 0.087077
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G. Re-scoring results

Table G.1.: WER and SER results while re-scoring using constraints for the restricted
grammar.

Test WER SD baseline-WER SER baseline-SER

baseline 0.30 0.33 0.0 2.89 0.0
possibleCS 0.30 0.33 0.0 2.89 0.0
radarCS 0.30 0.33 0.0 2.89 0.0
goldStdCS 0.30 0.33 0.0 2.89 0.0
spd 0.30 0.33 0.0 2.89 0.0
alt 0.30 0.33 0.0 2.89 0.0
valHdg 0.29 0.32 0.01 2.80 0.09
alt,spd,valHdg 0.29 0.32 0.01 2.80 0.09
alt,radarCS,spd,valHdg 0.29 0.32 0.01 2.80 0.09
alt,goldStdCS,spd,valHdg 0.29 0.32 0.01 2.80 0.09
rwy 0.24 0.26 0.06 2.26 0.63
alt,spd,rwy 0.24 0.26 0.06 2.26 0.63
alt,radarCS,spd,rwy 0.24 0.26 0.06 2.26 0.63
alt,goldStdCS,spd,rwy 0.24 0.26 0.06 2.26 0.63
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Table G.2.: MRR results while re-scoring using constraints for the restricted grammar.

Test MRR SD MRR-baseline

baseline 0.982611 0.011272 0.000000
possibleCS 0.982611 0.011272 0.000000
radarCS 0.982611 0.011272 0.000000
goldStdCS 0.982611 0.011272 0.000000
spd 0.982611 0.011272 0.000000
alt 0.982686 0.011168 0.000075
valHdg 0.983062 0.011061 0.000452
alt,spd,valHdg 0.983138 0.010957 0.000527
alt,radarCS,spd,valHdg 0.983138 0.010957 0.000527
alt,goldStdCS,spd,valHdg 0.983138 0.010957 0.000527
rwy 0.985772 0.009791 0.003162
alt,spd,rwy 0.985848 0.009686 0.003237
alt,radarCS,spd,rwy 0.985848 0.009686 0.003237
alt,goldStdCS,spd,rwy 0.985848 0.009686 0.003237

Table G.3.: WER and SER results while re-scoring using constraints for the unrestricted
grammar.

Test WER SD baseline-WER SER baseline-SER

baseline 2.81 3.98 0.0 22.58 0.0
spd 2.81 3.98 0.0 22.58 0.0
alt 2.81 3.98 0.0 22.58 0.0
valHdg 2.79 3.82 0.02 22.49 0.09
alt,spd,valHdg 2.79 3.82 0.02 22.49 0.09
rwy 2.74 3.91 0.07 22.13 0.45
alt,spd,rwy 2.74 3.91 0.07 22.13 0.45
possibleCS 0.55 0.78 2.26 4.61 17.97
radarCS 0.55 0.78 2.26 4.61 17.97
alt,radarCS,spd,valHdg 0.52 0.74 2.29 4.43 18.15
goldStdCS 0.50 0.61 2.31 4.52 18.06
alt,goldStdCS,spd,valHdg 0.50 0.66 2.31 4.43 18.15
alt,radarCS,spd,rwy 0.45 0.62 2.36 3.88 18.7
alt,goldStdCS,spd,rwy 0.44 0.54 2.37 3.88 18.7
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Table G.4.: MRR results while re-scoring using constraints for the unrestricted grammar.

Test MRR SD MRR-baseline

baseline 0.848671 0.087077 0.000000
spd 0.848671 0.087077 0.000000
alt 0.848675 0.087071 0.000004
valHdg 0.849418 0.086676 0.000748
rwy 0.852010 0.085420 0.003339
alt,spd,valHdg 0.849422 0.086671 0.000751
alt,spd,rwy 0.852013 0.085414 0.003343
possibleCS 0.965786 0.026960 0.117115
radarCS 0.965854 0.026851 0.117183
goldStdCS 0.966576 0.026322 0.117906
alt,radarCS,spd,valHdg 0.967179 0.025923 0.118508
alt,goldStdCS,spd,valHdg 0.967179 0.025923 0.118508
alt,radarCS,spd,rwy 0.969889 0.024738 0.121218
alt,goldStdCS,spd,rwy 0.969889 0.024738 0.121218
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