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Abstract
Currently available Automatic Speech Recognition (ASR) sys-
tems achieve good word error rates (WER) for read speech
(2−10%), but not for conversational speech (20−40%), a
speaking style especially relevant for dialogue systems, as they
become more conversational and interactional. Here, we anal-
yse how prosody affects WER in a Kaldi-based speech recogni-
tion system for a corpus of conversational Austrian German.
This analysis is a step towards improving ASR systems and
increasing our knowledge about which aspects are relevant to
consider for ASR of conversational speech. For this purpose,
we compare a typical language model (LM) with an oracle LM
trained on the utterances from the whole corpus, thus knowing
each possible N -gram in advance. We find that short, deac-
cented words have the lowest recognition accuracy, which also
cannot be compensated for by the oracle LM. Despite our over-
all high WERs, the highly prominent words were recognised
significantly better. Our findings suggest that reporting global
WERs for an ASR system of conversational speech does not
predict its usefulness in dialogue systems. Given the role of
prominent words in carrying meaning and function in conver-
sation, our analysis is relevant for researchers developing auto-
matic speech understanding systems.
Index Terms: Prosodic prominence, Automatic Speech Recog-
nition, Kaldi, conversational speech, Austrian German

1. Introduction
Currently available ASR systems perform well for read speech
(100–90% accuracy), but not for conversational speech (80–
60%) [1, 2]. Highly accurate ASR systems for conversational
speech are especially relevant for dialogue systems, as they be-
come more conversational and interactional rather than solely
transactional [1]. Thus, an increasing number of studies have
investigated the differences between these speaking styles in or-
der to improve ASR performance for conversational speech.

On the search for solutions on how to improve ASR for
conversational speech, studies analysed the potential role of
prosody for ASR performance. Goldwater et al. [3] compared
two ASR systems [4, 5] for English telephone conversations.
They found that word errors occur with word tokens that have
extremely low intensity or extremely high F0 values. Regarding
duration, they detected more errors with lower durations. Fur-
ther, turn-initial words had higher Word Error Rates (WERs)
than medial or turn-final tokens in Goldwater’s study where
they also reported, high variation in recognition performance
depending on the speaker.

In line with these studies, we present an analysis on how
prosodic structures affect WER based on a corpus of casual con-
versations among friends speaking Austrian German. The aims
of our analysis is not only to show how prosody affects ASR
performance, but to find the potential role of the language model
(LM) in compensating difficulties originating from prosodic

variation. For this purpose, we compare recognition results with
two different LMs: 1) with a standard LM based on training
data only (excluding development and evaluation data, hence
named “LMnormal”) and 2) with an ’oracle’ LM trained on
all the data (including development and evaluation data, hence
named “LMoracle”).

Attempts to incorporate prosodic information into speech
recognition systems have been made in acoustic models (AMs),
pronunciation lexicons, and LMs. ASR systems have been suc-
cessfully improved by building prosody-dependent AMs (e.g.,
[6, 7, 8, 9]). Chen et al. [10], for instance, explicitly incorpo-
rated the well-known process of phrase-final lengthening into
their AMs. These prosody-dependent AMs capture variation in
terms of the spectral characteristics of phones and their dura-
tions. However, pronunciation variants resulting from multiple
segment deletions and substitutions, such as the pronunciation
of ‘yesterday’ as ["jESeI], cannot be captured with AMs alone.

Despite findings showing that segment deletions also depend
on the prosodic status of a word, research towards building
prosody-dependent pronunciation models is limited. [11] and
[12] came to promising results, but never tested their prosody-
dependent models in an ASR task. For phone recognition, [7]
achieved improvements by combining pronunciation models us-
ing F0, duration and energy and AMs using information about
syllable position and stress.

A decade ago, new statistical approaches were introduced
that allow incorporating linguistic knowledge into language
models. Huang and Renals [13], for instance, showed that
syllable-based prosodic features help to reduce LM perplex-
ity and to marginally reduce WER. Chan [14] improved WER
by using a prosody-dependent LM based on maximum-entropy
Markov models (MEMMs). Chien and Chueh [15] reported that
WERs decrease if AM and LM are modeled together. Chen et
al. [8] decreased WER by 11% by incorporating information
on phrase boundaries and pitch accents into the AM and LM of
their recogniser. Su and Jelinek [16] also improved their ran-
dom forest LM with information on prosodic breaks. These
studies use a symbolic representation of prosody. In contrast,
[17] used prosodic features directly and yielded significant per-
plexity reductions of LMs. In our own experiments on homo-
phone classification in spontaneous German, we achieved sig-
nificant improvements by having the language model learn from
both lexical and prosodic features simultaneously [18].

2. Materials
The Graz Corpus of Read and Spontaneous Speech (GRASS)
[19, 20] contains about 30h of Austrian German read and con-
versational speech, collected from 38 Austrian speakers (19f,
19m). As language use in conversational speech varies strongly
with educational level, social background and dialect region,
we selected speakers who were born in the same broad dialect
region (Eastern Austria), had been living in an urban area for
years and had a higher education degree. For the conversa-
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tional speech component, 19 pairs of speakers who have known
each other for several years were recorded for one hour each
without interruption in order to encourage a fluent, casual con-
versation. There was no restriction in terms of chosen topic
or speaking behaviour, leading to the use of authentic, partly
dialectal pronunciation with its typical characteristics, such as
frequent occurrence of overlapping speech, laughter, or the use
of swear words [20]. Despite the speakers’ awareness of be-
ing recorded, most of them appeared to completely disregard
the studio recording setting after a period of five to ten minutes,
entering into a completely casual, face-to-face conversation.

Prosodic annotations were created following the Kiel Intona-
tion Model (KIM [21]), and included annotations for prosodic
boundaries, sentence accent (i.e., prominence levels 0, 1, 2, 3)
and pitch contour annotations for words of prominence level
> 0 (i.e., distinguishing early, medial and late peak, early and
late valley and flat pitch contours). Whereas decisions concern-
ing prosodic boundaries and prominence levels were taken on a
purely perceptual basis, for the decision on pitch contour labels,
spectrogram and F0 contour were inspected as well. To guaran-
tee a high annotation quality, conversations were first annotated
by one trained annotator and then checked by another annotator.

For this study, we excluded the 35 tokens with prominence
level 3, and tokens with the label indicating that no decision on
the label could be made among the annotators. This resulted in
a total of 4169 prosodically annotated word tokens.

3. Kaldi-based ASR system
We set up a Kaldi [22] recipe that had been optimised for the
GRASS’s conversational component with the parameters that
are described in the subsections below. The data was split into
training (80%), development (10%) and evaluation set (10%).
We performed cross-validation by splitting the data into differ-
ent sets for each evaluation run. In every split, the system was
optimised on the development set and then tested with the evalu-
ation set. The speakers of evaluation and development set were
not part of the training set in any of the splits. For the lan-
guage models, we did include utterances of both development
and evaluation set in the training one of the two language mod-
els (see Subsection 3.3).

3.1. Acoustic models

We extracted 13 mel-frequency cepstrum coefficients (MFCCs)
and performed cepstral mean and variance normalisation
(CVMN) which is a standard technique to obtain more noise-
robust features [23]. With a frame length of 20ms and a frame
shift of 12.5ms, we trained subspace Gaussian Mixture Models
(sGMM) with feature space Maximum Likelihood Linear Re-
gression (fMLLR) and a final discriminative training on boosted
maximum mutual information (bMMI, boost 0.1).

3.2. Pronunciation lexicon

For the German words in the corpus, we generated pronunci-
ation variants with a set of 34 rules that account for pronun-
ciation processes that are typical in spontaneous German (e.g.,
schwa deletion) and rules specific for the Austrian German va-
riety (e.g., monophthongation) [24]. Together with foreign lan-
guage words and broken words, this resulted in a lexicon with
83979 entries for 13701 word types (one word type may have
several pronunciations). Since an automatic generation of pro-
nunciation variants does produce some variants that are very un-
likely to be actually realised by the speakers, the lexicon con-

tains much more variants than needed. E.g., long words with
four or more syllables, such as prefix verbs or compounds which
are quite common in German, may have more than 30 variants.
The pronunciation lexicon included words of the development
and evaluation sets, thus there are no out-of-vocabulary words.

3.3. Language models

As a statistical Language Model (LM), we trained an SRILM
[25] 4-gram (referred to as LMnormal). Due to the small size of
our data set coupled with its diversity, it is not surprising that we
are dealing with relatively high WERs (see Section 3.4). Since
this makes it difficult to trace misrecognitions back to the acous-
tic properties of misrecognised tokens, we trained a second LM
to which we already revealed the utterances from the develop-
ment and evaluation sets yielding an LM that only suggests best
possible N -grams. We call this second model LMoracle, a ter-
minology borrowed from the literature in the fields of speech
enhancement and speaker separation [26]. Obviously, our ASR
setup produces much lower WERs with LMoracle (see Table 1).

3.4. Recognition results

Figure 1 shows that recognition performance did strongly in-
crease with LMoracle, which is expected since this LM is
trained on the whole corpus data and not the training set
only. The mean WER per utterance with LMnormal is 53.43%
and 33.12% with LMoracle. Still we saw a strong speaker
dependency for both LMs. On average, LMnormal recog-
nised words for both sexes equally well (female: 53.33%,
male: 53.89%), where LMoracle deals slightly better with fe-
male speakers (29.61%) than with male speakers (33.08%).
The greatest decrease in WER was found for speakers 029F
(32.20%) and 027F (31.37%), the lowest for 031F (14.35%)
and 012M (16.73%).

Figure 1: Comparison of the WERs per utterance of the two
LMs, speakers are sorted by descending mean WER with LM-
normal.

4. Analysis of prosodic effects on WER
4.1. Statistical analysis

In order to test which prosodic characteristics affect WER in our
ASR system, we built mixed-effects logistic regression mod-
els with Correct (false, true) as dependent variable, indicating
whether a token was recognised correctly or not. We included
the independent variables LogFrequency (i.e., the natural loga-
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rithm of the frequency of the word in the whole GRASS corpus,
range : 0 . . . 8.95), Duration (i.e., the absolute duration of the
word in ms, range : 27ms . . . 13200ms), and whether it oc-
curred in Overlap (false, true) with the interlocutor, as well as
the random variables Speaker and Word. For the model on the
complete set of prosodically annotated data (N = 4169), we
included the (categorical) prosodic variables Position, which in-
dicated whether a word occurred in initial (I), medial (M) or fi-
nal (F) position within the prosodic phrase and prosodic Promi-
nence (on a discrete scale from 0 to 2). We built separate models
on the subset of tokens with prominence level 1 or 2, to which
pitch contour labels were assigned (N = 2192), including ei-
ther the independent variable Pitch Type (flat, peak, valley) or
Pitch Contour (flat, medial peak, early peak, late peak, early
valley, late valley).

Models were built using the glmer() function of the lme4
package in R [27]. Predictors and interactions were reduced by
stepwise backward selection, and they were removed as mod-
els would still significantly improve as given by their AIC value
and their degree of freedom. Random variables were only kept
in the model if they improved the model as given by model com-
parison using the anova() function [28, 29].

4.2. How prosodic prominence and position within the
phrase affect WER

First, we built mixed-effects logistic regression models on the
complete data set, separately for LMoracle and LMnormal (cf.
Table 1). With both LMs, words that were recognised cor-
rectly tended to have significantly longer duration and higher
frequency than misrecognised words. The significant interac-
tion term between Duration and LogFrequency, however, is in
opposite directions for LMoracle and LMnormal, indicating that
with LMoracle the positive effect of frequency on recognition
likelihood tends to be lower for long words whereas with LM-
normal it tends to be even larger for long words. For both LMs,
words in (prosodic) phrase initial positions were recognised sig-
nificantly worse than words in phrase medial or final position,
and for LMoracle this effect is even larger for long words. Un-
surprisingly, words in initial position which were produced in
overlap with the interlocutor, tended to be recognised even less
frequently (i.e., as indicated by the significant interaction term
between Position and Overlap, cf. Table 1).

For both LMs and with high significance, the prominent
words were recognised better than deaccented words: for LM-
normal, 45.7% of words with prominence level 0 were recog-
nised correctly, 53.2% with level 1 and 50.5% with level 2. For
LMoracle, the gain in accuracy was even higher for words of
prominence level 2 (62.8% (0), 71.7% (1) and 83.0% (2)), with
a highly significant improvement for words with prominence
level 2 from those of level 1 (β = 0.49, z = 3.67, p < 0.001).
The analysis of word durations shows a similar effect: For
prominence level 2, the recognised words in LMnormal are on
average 29.4ms shorter than those in LMoracle, whereas mis-
recognised words in LMnormal are 62.3ms longer than those in
LMoracle. Thus, the additional knowledge available to LMor-
acle can compensate for prominent words which often show
longer duration, but not for deaccented words, which are typ-
ically high-frequency and short function words.

By examining word types (i.e., different kinds of words)
within the prominence levels, we found N = 304 different
word types within prominence level 0, N = 514 types within
level 1 and N = 636 types within level 2, which meets our
expectation for a larger variety of word types towards more

Table 1: Regression models predicting WERs for LMoracle
(AIC = 4611.2) and LMnormal (AIC = 4914.7) in the eval-
uation set (N = 4169), including the significantly contributing
random intercepts Speaker and Word; dash (–) refers to vari-
ables not part of the model; estimator β, z-value and signifi-
cance level (***: p < 0.001, **: p < 0.01, *: p < 0.05, n.s.:
p > 0.05) are given according to e.g., [28].

LMoracle LMnormal
Predictor β z-value β z-value

Intercept -1.66 -3.20 ** -4.62 -8.64***
LogFrequency -0.24 -3.87 *** 0.48 -6.65***
Position (I) -2.45 -4.41*** -0.87 -2.61 **
Position (M) -0.49 -1.08 n.s. -0.10 -0.47n.s.
Prominence (1) -0.82 3.31 *** 1.67 -3.11 **
Prominence (2) -1.48 4.02 *** 2.61 -4.76***
Duration 6.96 4.43 *** 3.96 2.79 **
Overlap (T) -0.46 -1.85 n.s. – –
LogFrequ.: Dur. -0.43 -2.77 ** 0.39 -2.42 *
LogFrequ.: Pos. (I) 0.27 -4.73*** 0.17 -3.36***
LogFrequ.: Pos. (M) 0.03 -0.59 n.s. 0.02 -0.75n.s.
LogFrequ.: Overl. (T) 0.09 -2.63 ** – –
Prom. (1): Dur. -2.90 -2.48 * -1.14 -0.92n.s.
Prom. (2): Dur. -3.31 -2.44 * -2.99 -2.30 *
Prom. (1): LogFrequ. – – -0.15 -2.56 *
Prom. (2): LogFrequ. – – -0.14 -2.08 *
Pos. (I): Duration 2.94 -2.78 ** – –
Pos. (M): Duration 2.55 -2.74 ** – –
Pos. (I): Overl. (T) -0.42 -1.71 n.s. – –
Pos. (M): Overl. (T) -0.32 -1.57 n.s. – –

prominent words. Furthermore, in the deaccented words, we
could find most of the word types that occur frequently as ho-
mophones in conversational speech; for instance, das, dass, es,
ist, sie, so are commonly highly reduced and thus often realised
as a single phone [s], or dann, den, in, nein, und are frequently
realised as [n]. The possible homophones occurred most fre-
quently in prominence level 0 (N = 314), while only N = 70
could be found in prominence level 1 and N = 12 in level 2.

Comparing the recognition results of LMoracle vs. LMnor-
mal, Overlap only showed (marginally significant) deteriorating
effects with LMoracle. Drawing conclusions about this effect,
requires further investigation in the future.

4.3. How pitch contour affects WER

In order to investigate whether word recognition is affected by
the word’s pitch contour (i.e., early, medial, late peaks, early
and late valleys and flat contours), we built mixed effects logis-
tic regression models on the subset of the tokens having promi-
nence levels 1 and 2 (N = 2190), i.e., those with pitch con-
tour annotations. We did so separately for LMoracle and LM-
normal. These models did not reveal any significant effects
of Pitch Contour on WER. Only with LMnormal, we found a
marginally significant interaction between Pitch Contour and
Overlap, indicating that words with a peak tend to be recog-
nised worse than words with a flat pitch, and this effect is sig-
nificantly higher for words produced in overlap with the inter-
locutor (β = −0.48, z = −1.79, p < 0.1).
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Figure 2: Pitch contour category of (mis-)recognised tokens by
duration for the two Language Models.

Comparing the performances of LMnormal and LMora-
cle for the different pitch contour categories regarding dura-
tion, the two systems show considerable differences with re-
spect to how well they deal with each pitch contour category.
Whereas LMnormal recognised less than half of the late peak to-
kens (49.08%) correctly, LMoracle yielded the best recognition
(80.28%) for this pitch contour (which is also the largest differ-
ence of the LMs’ recognition performance with 31.19%). The
average duration of misrecognised late peak tokens is 100.17ms
lower for LMoracle than for LMnormal; late peak tokens recog-
nised correctly were on average 49.79ms longer for LMoracle
than those recognised correctly by LMnormal. Worst recogni-
tion is achieved for medial peak with LMoracle (73.81%) and
for late valley with LMnormal (50.52%). As with prominence
levels, we found that LMoracle misrecognised less of the words
with longer duration, indicated by a larger shift of the mean to-
wards lower durations in LMoracle than in LMnormal for all
pitch contour categories (see Figure 2 and Table 2).

We analysed the ratio of word types to word tokens within the
pitch categories, in order to investigate whether the underlying
effect of different recognition performance between these cate-
gories potentially stems from their frequency. For flat contours,
the ratio of word types to word tokens is 0.52, meaning that
though this category comprises most word types, concerned to-
kens are rather frequent. Late valleys and all peak contours have
comparable ratios (i.e., late valley: 0.76, early peak: 0.74, me-
dial peak: 0.72, late peak: 0.73), and early valleys have a ratio
of 0.81 types to tokens. Thus, neither the absolute WER be-
tween the categories, nor the differences between the two LMs
seems to be an effect of word frequency.

5. Conclusion
We analysed how the prosodic properties of a word affect its
recognition with a Kaldi-based ASR system. We compared two

Table 2: Difference in duration of (mis-)recognised words for
the two LMs (d̄LMnormal,i − d̄LMoracle,i, where i indicates the
different pitch categories); WER with LMnormal and WER de-
crease with LMoracle.

Pitch contour Recogn. Mean duration WER w. WER decr.
category correct LMnorm. – LMor. LMnorm. with LMor.

pe
ak

ea
rly true −12.01ms 43.41% 20.93%false 22.64ms

med
ial true −36.01ms 49.32% 23.13%false 57.58ms

lat
e true −49.79ms 50.92% 31.19%false 100.17ms

fla
t true −7.30ms 46.59% 21.00%false 25.93ms

va
lle

y ea
rly true −13.07ms 48.84% 26.74%false 24.70ms

lat
e true −42.70ms 50.52% 30.15%false 70.30ms

language models; one that was trained on the utterances in the
training data (LMnormal) and one that was trained on utter-
ances of the whole corpus, thus knowing each possible N-gram
in advance (LMoracle). Overall, the WER for LMnormal was
53.43% and for LMoracle 33.12%, indicating that though its
rather small size, our corpus contains a broad variation which
stems from both high speaker variation and the inherently dif-
ficult nature of our casual, conversational speech material. In
line with what Goldwater et al. [3] reported for conversational
telephone speech in American English, the variation observed
among speakers in our data was very large with both LMs.

Our analysis showed that words with longer durations were
recognised more often than shorter words. We found that recog-
nition performance of long words scaled with their frequency
for both LMs, but for LMoracle this effect was smaller than for
LMnormal, which is expected since LMoracle should be able
to compensate for infrequent words as it was trained on all the
words in our corpus. Words that occur in phrase-initial posi-
tion were more often misrecognised than words in other posi-
tions of the prosodic phrase; Goldwater et al. found the same ef-
fect for turn-initial words. Prosodically prominent words could
be recognised better than deaccented words with both LMs.
Though we did not find significant effects for the different pitch
contours, we saw the largest difference in recognition between
the two LMs for late peaks and late valleys.

Among the miscrecognised deaccented words, a large por-
tion stemmed from word types which frequently become homo-
phones in conversational speech, as they are reduced to a single
phone. The confusion of such homophones that occur in similar
syntactic positions could not be resolved with the current AMs,
nor with either of the LMs. In a pilot study [30], we obtained
first promising results in classifying homophoneous word types
reduced to [a:] on the basis of their acoustic prosodic features
using Random Forests. In the future, we aim at expanding those
prosody-based classification experiments to other types of ho-
mophones and integrating this knowledge into our LM.
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