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Abstract

Dialectal variation in speech is inherently con-
tinuous, yet most computational approaches
model it as a discrete classification problem.
We propose a Dialect Distance Measure de-
rived from embeddings of a dialect classifica-
tion model (DIME), representing dialectal vari-
ation as deviation from a standard reference in
embedding space. The score combines distance
to a standard reference with projection onto a
learned dialect—standard direction. Evaluated
on German speech data, the proposed measure
shows strong correlation with an independent
phonetic reference and remains robust across
different reference corpora. In contrast, using
the same scoring procedure with off-the-shelf
speech embeddings yields less consistent re-
sults and does not provide a stable continuous
dialectal scale. The suitability of the method
for capturing variation is demonstrated using
within-speaker as well as between-dialect dif-
ferences.

1 Introduction

Dialectal variation in speech is inherently continu-
ous, yet most computational approaches treat it as a
discrete classification problem, limiting the capture
of gradual variation within and across speakers.

In dialectometry, discrete measures such as the
Levenshtein distance (Heeringa and Gooskens,
2003; Kessler, 1995; Wieling et al., 2014) quantify
phonetic distance to a pre-defined reference. Simi-
lar holds for the HS measure (Herrgen et al., 2001),
which measures the more fine-grained, i.e. phoneti-
cally weighted, distance to Standard German (so-
called D-value). Recent work has systematically
compared phonetically weighted and unweighted
distance measures, showing that explicit phonetic
weighting improves dispersion, stability, and inter-
pretability without altering the overall structure of
dialect relations (Lameli, 2026). While linguisti-
cally grounded, these approaches rely on manual

phonetic transcriptions, making them costly, diffi-
cult to scale, and sensitive to annotation variability
(Cucchiarini, 1996; Bucholtz, 2007; Heeringa et al.,
2009; Lameli et al., 2020). Moreover, they primar-
ily capture segmental differences and overlook finer
acoustic variation (Bartelds et al., 2020).

Acoustic approaches aim to address these limita-
tions by operating directly on speech signals. Early
work by Heeringa et al. (2009) uses engineered
features such as formants, while more recent meth-
ods employ acoustic distance measures (Bartelds
et al., 2020) or articulatory representations (Huang
et al., 2025). However, these approaches still rely
on feature engineering, alignment procedures, or
phoneme-based references.

Machine learning approaches have further ex-
plored continuous modeling of dialectal variation
using acoustic embeddings and ASR-based fea-
tures (Johnson et al., 2022; Ghorbani and Hansen,
2024). While effective for prediction tasks, they
often depend on intermediate representations such
as ASR outputs, introducing additional processing
steps and dependencies beyond the acoustic signal.

This raises the question of whether neural speech
embeddings themselves encode dialectal variation
in a way that allows for a continuous and structured
representation.

In this work, we propose an embedding-based di-
alect distance measure for modeling dialectal vari-
ation in representation space. To the best of our
knowledge, this is the first measure of distance in
the field of dialectology that is derived directly
from acoustic signals. The approach builds on
speech embeddings from a dialect classification
model and interprets dialect intensity as a continu-
ous deviation from a standard reference, combin-
ing (i) distance and (ii) projection onto a learned
dialect—standard direction. The resulting score can
be computed directly from embeddings without re-
quiring phonetic transcriptions or alignment. We
evaluate the proposed measure against existing D-
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values from the REDE project (Schmidt et al., 2020-
), analyze its robustness across reference corpora,
compare it to DIME scores derived from off-the-
shelf speech representations, and demonstrate its

applicability to within-speaker and between-dialect

variation.

2 Data
2.1 Speech Data

We conduct our analysis on speech data from the
REDE corpus (Schmidt et al., 2020-), a resource
for regional German speech across speaking situa-
tions, generations, and regions (Fischer and Lameli,
2026). The corpus includes multiple speaking sit-
uations designed to capture varying degrees of di-
alectal and standard language production (Lameli,
2025). In this study, we focus on three conditions
that differ systematically in their level of dialectal
intention.

The first condition consists of Wenker sentences
in dialect (WSD). In this setting, speakers are pre-
sented with the 40 “Wenker Sentences” (Wenker,
2013) in Standard German and are asked to trans-
late them into their local dialect. This condition is
explicitly dialect-intended.

The second condition comprises Wenker sen-
tences in Standard German (WSS). Here, speakers
perceive dialectal versions of the Wenker Sentences
in their own dialect and are instructed to translate
them into their most formal Standard German. This
condition is standard-intended.

The third condition is the Conversation among
friends (FG), in which speakers engage in spon-
taneous dialogue with a familiar person without
the presence of an interviewer. This setting cap-
tures natural, uninstructed speech and is assumed
to reflect more authentic language use.

Further details on the recording conditions are
available in the REDE Infothek (Lipfert, 2025). Ta-
ble 1 summarizes the number of speakers and the
total duration of audio data available for each con-
dition, as well as the overall dataset.

2.2 External Standard Corpora

To construct a dialect distance measure that quanti-
fies deviation from Standard German, we require a
reference representation of standard language. For
this purpose, we incorporate multiple external cor-
pora. Table 2 summarizes the number of speakers
and the total duration for each external standard
corpus.

Condition # Speakers Duration (s)

WSS 540 83,720
WSD 533 83,470
FG 490 85,700
All 558 252,890

Table 1: Overview of the REDE speech data used in
this study. The table reports the number of speakers and
total duration for each speaking condition: Wenker Sen-
tences in Standard German (WSS), Wenker Sentences in
dialect (WSD), and spontaneous conversations among
friends (FG).

Corpus # Speakers Duration (s)
NWS 640 31,020
Tagesschau (TS) 3 24,870
HUI 15 21,190
Bundestag (BT) - 20,000

Table 2: Overview of external Standard German corpora
used to construct the reference representation.

First, we include recordings of the The North-
wind and the Sun (NWS) condition from the REDE
corpus, in which speakers read a fixed text, provid-
ing a controlled approximation of standard pronun-
ciation per speaker. The REDE corpus used in this
study contains only male speakers. Consequently,
the NWS reference data derived from REDE also
consist exclusively of male speakers.

Second, we use a Tagesschau (TS) corpus, con-
sisting of speech segments extracted from news
presenters of the German television news program.
These recordings are expected to represent a highly
standardized and formal variety of spoken German.
The corpus comprises recordings from three male
speakers, with 30-42 Tagesschau broadcasts per
speaker, covering different recording days between
early 2018 and the first quarter of 2020. The corpus
is not publicly accessible.

Third, we incorporate data from the HUI Audio
Corpus (Puchtler et al., 2021), which contains au-
diobook recordings. We use a subset of the “others”
partition and randomly sample male speakers up to
a total duration of approximately 20,000 seconds
to ensure comparability with other corpora. The
restriction to male speakers was chosen to match
the REDE data.

Finally, we include speech data from the German
Bundestag (BT) corpus (Wirth and Peinl, 2023),
which consists of recordings from plenary sessions
and committee meetings of the German parliament.



We use the “Dirty Delta” subset and randomly
sample 12—-14-second segments up to 2,000 seg-
ments and thus 20,000 seconds. The BT corpus
contains speech from both male and female speak-
ers. However, speaker identities and corresponding
gender metadata are not consistently available for
this dataset.

2.3 Dialectality Reference Measure

As an external reference for dialectal variation, we
use the Dialectality Value (D-value), a theoretically
motivated measure of phonetically weighted dis-
tance originally proposed by Herrgen and Schmidt
(1989) and later operationalized in detail by Her-
rgen et al. (2001). The D-value quantifies the devia-
tion of a regional speech sample from codified Stan-
dard German by comparing phonetic realizations
with a standardized reference form as described by
Lameli (2025).

The method is based on manually annotated [PA
transcriptions aligned with codified Standard Ger-
man reference forms. Phonetic differences are auto-
matically identified and subsequently validated by
trained experts, while phenomena not considered
indicative of dialectal variation—such as assimi-
lation, reduction, or deletion arising from general
speech production—are excluded. The resulting D-
value represents the average phonetically weighted
deviation from Standard German, averaged across
words.

Importantly, the D-value focuses exclusively on
segmental phonetic variation (including length).
Suprasegmental features such as intonation and
prosody are not considered, as they cannot be re-
liably quantified within the framework. Likewise,
syntactic and lexical variation are excluded, mak-
ing the measure a mainly phonetic representation
of dialectality (including—from a morphological
perspective—differences in inflection).

The D-value is described in detail in the REDE
infothek (Lipfert, 2023). In the context of this study,
it serves as an external, linguistically grounded
benchmark for evaluating embedding-based dialect
intensity measures.

D-values are available for a subset of the REDE
recordings used in this study. In total, 525 record-
ings are annotated with D-values. Of these, 429
could be included in the correlation analyses be-
cause a corresponding DIME score was available,
including 147 instances of WSS, 136 of WSD, and
146 of FG from 149 speakers.

While the D-value captures phonetically

weighted distance based on expert-defined criteria,
our approach aims to derive a comparable notion
of dialect intensity directly from neural speech em-
beddings. Crucially, our method is not limited to
segmental phonetics and may capture additional
sources of variation present in the acoustic signal.
Comparing the two measures therefore reveals how
strongly embedding spaces encode linguistically
meaningful dialectal variation.

3 Method
3.1 Embedding Space

Speech representations are obtained using a two-
stage embedding pipeline described in Fischbach
et al. (2026) and publicly available on GitHub'. In
addition, the D-values used in this study, as well
as the scripts for the majority of the analysis, are
made available at the same repository.

First, all audio recordings are resampled to 16
kHz, converted to mono, and represented using
16-bit resolution and then segmented into non-
overlapping chunks of 10 seconds. In the first
stage, segment-level embeddings are extracted us-
ing TRILLsson4 (Shor and Venugopalan, 2022a,b),
a pre-trained speech representation model devel-
oped by Google. This model produces general-
purpose acoustic embeddings. In the second stage,
the TRILLsson embeddings are passed through a
lightweight multilayer perceptron (MLP) that has
been trained to classify German dialects. The MLP
was trained on speech data derived from the same
underlying recordings as the WSD, but using a dif-
ferent segmentation scheme. Rather than using the
final classification output, we extract the activa-
tions of the last hidden layer as our final represen-
tation. These embeddings are 512-dimensional and
serve as the basis for all subsequent analyses. This
choice allows us to analyze whether representa-
tions learned for discrete dialect classification also
encode continuous variation.

3.2 Alternative Speech Representations

To assess whether the performance of DIME de-
pends on representations learned specifically for
dialect classification, we additionally apply the
complete DIME procedure to two off-the-shelf
speech representations: Wav2Vec2 (Baevski et al.,
2020) and TRILLsson4 (Shor and Venugopalan,
2022a,b).

Yhttps://github.com/WoLFi22/
DialectClassificationPipeline


https://github.com/WoLFi22/DialectClassificationPipeline
https://github.com/WoLFi22/DialectClassificationPipeline

TRILLsson4 is also used as the initial feature
extractor in the dialect-classification pipeline de-
scribed in subsection 3.1. For this comparison,
DIME is applied directly to the TRILLsson4 rep-
resentations before they are passed through the
dialect-classification MLP. This allows us to assess
whether the supervised dialect-classification stage
adds information relevant to continuous dialectality
estimation.

For Wav2Vec2, we use the
facebook/wav2vec2-base-960h checkpoint.
We extract the contextual representations from
the final encoder layer and apply mean pooling
across the temporal dimension, resulting in one
768-dimensional representation per 10-second
segment.

3.3 Distance-based Component

To quantify dialectal variation, we first define a
distance-based measure relative to a reference rep-
resentation of Standard German.

Let 2z € R? denote a speech embedding and let
cstq denote the standard reference centroid, com-
puted as the mean of the segment-level embeddings
from the external Standard corpus used in the re-
spective experiment. (When multiple reference
corpora are used, their embeddings are pooled be-
fore computing the centroid.) We define the dialect
distance of z in terms of its distance to this refer-
ence:

) = |z — csallt — pstd
Ostd

Zdist (2 ¢))
where isq 1s the mean L1 distance of the reference
embeddings to cgq, and ogq is the corresponding
standard deviation. Manhattan (L1) distance is mo-
tivated by prior work on high-dimensional spaces,
which shows that distance measures tend to concen-
trate as dimensionality increases, reducing distance
contrast between samples. Under these conditions,
L1 distance has been shown to preserve relative
differences more effectively than Euclidean (L2)
distance (Aggarwal et al., 2001).

3.4 Directional Component

While the distance-based measure captures only
distance from the standard reference, it ignores
directional structure in the embedding space. To
account for this, we introduce a directional compo-
nent based on a learned dialect—standard axis.

Let v € R? denote a unit vector representing
the direction of maximal dialect—standard separa-

tion. This vector is obtained by training a logistic
regression classifier on dialect and standard speech
embeddings. The resulting weight vector is then
normalized to unit length.

We define the projection of an embedding x onto
this direction, relative to the standard reference
point cgq, as:

Sproj (.T)) = <$ — Cstds U> )

To obtain a normalized score, we again standard-
ize this value using the distribution of projections
of the reference (standard) embeddings:

Sproj\L) — Hproj
() = S2reilE) ~ Hpred 3)

Oproj
where 105 and oproj denote the mean and stan-
dard deviation of projections of the standard embed-
dings onto v. Note that the standard embeddings
used to learn v need not be the same as the standard
reference embeddings used to compute cgq and the
projection normalization statistics.

The resulting score zpr0j() captures dialectal
variation along a specific direction in embedding
space. By pooling all dialect regions into a single
class, we assume that they share a common com-
ponent of deviation from standard-intended speech.
Positive values indicate alignment with the dialec-
tal direction. This formulation allows us to capture
dialectal variation not only in terms of magnitude
(distance), but also in terms of direction in embed-
ding space.

3.5 Embedding-based Dialect Distance
Measure

We combine the distance-based and directional
components into a unified dialect distance measure,
which we refer to as the Dialect Distance Measure
from Classification Embeddings (DIME).

For a given embedding x, the score is defined as:

DIME(z) = w - zqist (z) + (1 — w) - Zproj(x) (4)

where zg;st () captures the radial distance from the
standard reference, and z0j(2) captures variation
along the dialect—standard direction. The parameter
w € [0, 1] controls the relative contribution of both
components. The weighting parameter w allows us
to systematically analyze the relative importance
of distance-based and directional information. In
particular, w = 1 corresponds to a purely distance-
based measure, while w = 0 relies exclusively on
the directional component. An overview of the



complete pipeline is provided in Appendix A in
Figure 4.

By construction, a value of DIME(z) = 0 cor-
responds to the average realization of the external
Standard German reference corpus. Positive values
indicate increasing deviation from this reference,
while negative values correspond to speech that
is more standard-like than the average of the ref-
erence corpus. Note that this reference is corpus-
dependent and does not represent an absolute no-
tion of standardness.

3.6 Correlation Analysis

To evaluate the relationship between DIME and the
reference measure (D-value), we compute corre-
lation analyses between aggregated DIME scores
and corresponding D-values.

Since DIME is computed at the segment level,
multiple scores are available for each speaker in
each recording condition. The number of segments
varies across conditions (WSS: 15.74+5.03, WSD:
15.964+4.8, FG: 17.63+£13.08). To obtain a robust
estimate per speaker and condition, we aggregate
segment-level scores using the median. This choice
reduces the influence of outliers, such as atypical
segments or local acoustic artifacts. The aggregated
score is computed for each speaker—condition pair
and compared to the corresponding D-value, for
which at most one value is available per speaker
and condition. Correlation is measured using both
Pearson’s r and Spearman’s p.

To analyze the relative contribution of the
distance-based and directional components, we
vary the weighting parameter w over 21 values
(w € [0, 1], step size 0.05). For each value, corre-
lation with the D-value is computed, and the best-
performing weight is used for subsequent analyses.

Particular attention is given to the FG condition.
The projection direction v is learned using a logis-
tic regression model trained on WSD and either
WSS or the pooled external standard corpora, de-
pending on the setting. As FG is not used to learn
this direction, it provides an evaluation scenario
independent of the projection model and therefore
provides a stronger test of generalization.

4 Evaluation

4.1 Effect of Direction vs. Distance

We first analyze the relative contribution of the
distance-based and directional components in Equa-
tion 4. For both settings, the standard reference cen-

troid and the corresponding normalization statistics
are computed from the pooled embeddings of all
external standard corpora (HUL, NWS, TS, and BT).
We vary only the data used to learn the projection
direction v to investigate how the choice of data
used to learn v affects the resulting correlation with
the D-value.

To this end, we compare two settings for training
the logistic regression model used to estimate v: (1)
using standard-intended recordings from the same
corpus as the dialect data (WSS), and (ii) using all
external standard corpora (HUI, NWS, TS, BT).
For each setting, we vary the weighting parame-
ter w and determine the value that maximizes the
correlation with the D-value.

When the projection direction is learned from
the pooled external standard corpora and WSD, the
optimal weight is w = 0.95, yielding a Pearson
correlation of » = 0.53, p < .001. Performance
is therefore driven almost entirely by the distance-
based component. In contrast, when the projec-
tion direction is learned from WSS and WSD, the
optimal weight shifts to w = 0.35, and the Pear-
son correlation increases substantially to » = 0.66,
p < .001. In this setting, the directional component
therefore contributes substantially to the combined
score.

As shown in Figure 1, Pearson and Spearman
correlations exhibit the same pattern. The WSS—
WSD direction produces a clear maximum at in-
termediate weights (w ~ 0.35), confirming that
neither component alone is optimal and that perfor-
mance degrades when either dominates, whereas
correlations in the external-standard setting in-
crease as more weight is assigned to the distance
component.

This pattern is also reflected in the performance
of the individual components. For the WSS-WSD
direction, the distance-based score alone yields a
correlation of r = 0.53, whereas the directional
score alone reaches r = 0.63. Although the direc-
tional component thus captures more of the rele-
vant structure than the distance-based component,
combining both produces the highest correlation.

To further assess whether these correlations
could arise by chance, we compare the distance-
based and directional components against sepa-
rate null models. For the distance component, the
pooled external standard center yields a Pearson
correlation of r = .531 with the D-value. Random
centers sampled from the pooled embedding space
or from a Gaussian approximation of that space
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Figure 1: Correlation with the D-value as a function
of the weighting parameter w for projection directions
learned from WSS versus WSD and from the pooled
external standard corpora versus WSD. In both settings,
the standard centroid and normalization statistics are
computed from the pooled external standard corpora
(HUL NWS, TS, and BT).

yield lower correlations on average (M, = .323
and M, = .317, respectively). However, approx-
imately 10-11% of the random centers achieve
correlations at least as high as the external stan-
dard center. Thus, the selected center performs
better than random centers on average, although
its performance is not unique within the embed-
ding space. For the directional component, projec-
tion onto the learned WSS—WSD direction yields
a Pearson correlation of » = .631. The distribu-
tion obtained from 1,000 random unit directions
is centered near zero (M, = .002, SD = .238,
95% interval [—.421, .428]). Although individual
random directions can produce moderate positive
or negative correlations, none reaches the abso-
lute correlation of the learned direction (empiri-
cal two-sided p = .001). This indicates that the
learned WSS—WSD direction captures a systematic
dialectality-related gradient that is not obtained
along arbitrary directions in the embedding space.

4.2 Robustness

Table 3 summarizes the correlation between DIME
and the D-value for different choices of the stan-
dard reference corpus. Results are reported overall
and separately for each speaking condition (WSS,
WSD, FG). In addition, we report the AUC for dis-
tinguishing WSD and WSS segments (separation)
as well as the optimal weighting parameter w.
Overall correlations are stable across reference
corpora (r = 0.64-0.69). The BT corpus yields
the highest correlation in the FG condition (r =
0.583) and also performs best overall (r = 0.686).
This improvement is primarily driven by a sub-
stantially higher correlation in the WSS condition

(r = 0.474), which appears to be the most challeng-
ing setting, where the difference to other corpora is
most pronounced.

Despite these differences, the results indicate a
high degree of robustness with respect to the choice
of the reference corpus. Correlations, separation
performance, and optimal weights vary only mod-
erately across all settings. Interestingly, the separa-
tion performance (AUC) remains remarkably stable
across all reference corpora, indicating that the abil-
ity to distinguish dialectal from standard speech is
largely independent of the chosen reference.

The optimal weight w consistently lies in the
range of 0.15 to 0.35, indicating that the direc-
tional component is generally more informative
than the distance-based component across all ref-
erence choices. Combining multiple standard cor-
pora (e.g., TS + BT or all corpora) does not lead
to systematic improvements. Instead, the result-
ing correlations tend to fall between those of the
individual corpora. This suggests that increasing
the amount and diversity of standard reference data
does not necessarily enhance the alignment with
the D-value.

In addition to varying the reference corpus, we
investigate whether the performance of DIME de-
pends on representations learned specifically for
dialect classification. We therefore apply the
same DIME scoring procedure to off-the-shelf
Wav2Vec?2 (Baevski et al., 2020) and TRILLsson4
representations, using the BT corpus as the external
standard reference. As shown in Table 3, DIME
applied to these alternative representations yields
moderate to strong overall correlations with the
D-value, particularly for dialect-intended speech
(WSD). However, the condition-specific results are
less consistent: correlations for WSS are close to
zero or negative, whereas correlations for WSD
are substantially higher. This suggests that off-
the-shelf speech representations can support the
separation of speaking conditions, but not a stable
notion of dialect distance to a standard reference.

As an additional out-of-domain validation, we
apply the score to TS recordings using the BT cor-
pus as standard reference and a projection direction
learned from WSD and WSS. Aggregating scores
at the recording level yields predominantly nega-
tive values (median = -0.15, IQR [-0.24, -0.03],
n=103), indicating that TS recordings receive con-
sistently lower DIME scores than the BT reference
distribution. This behavior is in line with expecta-
tions, as TS speech is generally considered more



Wav2Vec2 TRILL TS HUI BT NWS TS+BT All
Overall — 527#%%  O85%** || O657+*%*  043%**  O686F**  O52%** || 669%**  660***
WSS -0.079 .069 390%** - 343k AT4REE FAGRHE || JIGHEE 4] 3HE
WSD AL2%FE - SFEE || SADFHE - S]4wEkE - STOFEE - S4QFFF || 552%*F  S46%H*
FG .149 AQ2 k% || S]S5HFE ATGEHE 58FHAEE AQTHRHE || 543wkE STHAE
AUC .820 .969 .804 .809 793 .806 .801 197
Best w 0.00 0.00 0.20 0.15 0.35 0.25 0.30 0.35

Table 3: Pearson correlation between DIME and the D-value for different choices of the standard reference corpus
and underlying representations. Results are reported overall and per condition (WSS, WSD, FG). For the alternative
speech representations (Wav2Vec2 and TRILLsson4), the Bundestag corpus (BT) is used as the standard reference.
AUC denotes the area under the curve for distinguishing WSD vs. WSS segments. The optimal weighting parameter
w is reported for each setting. Note: * p < 0.05, ** p < 0.01, *** p < 0.001.

standardized—and somewhat artificial—than par-
liamentary speech, suggesting that the proposed
score generalizes to unseen data distributions.

4.3 Within-Speaker Variation

To further analyze how the proposed score behaves
within speakers across different speaking condi-
tions, we perform a within-speaker analysis and
compare the DIME to the D-value. This type of
analysis corresponds to what is often referred to as
vertical variation in dialectology (Schmidt, 2010).
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Figure 2: Within-speaker variation of the DIME (left)
and the D-value (right), computed on the subset of
speakers for which both measures are available in all
three situations. Top: Distribution of scores per speak-
ing condition (WSS, FG, WSD). Bottom: Pairwise
within-speaker differences between conditions.

Figure 2 shows the distributions of both mea-
sures. The upper row presents the absolute scores
per condition (WSS, FG, WSD) for each speaker,
while the lower row shows pairwise differences be-
tween conditions (e.g., WSD — WSS) computed
per speaker. These differences (deltas) allow for
a direct comparison of how individual speakers
shift between speaking situations, independent of
the overall scale of the measures. As the BT cor-

pus yielded the strongest overall correlations, it
is used here as the standard reference for comput-
ing DIME. Since D-values are not available for all
speakers and speaking situations, both measures are
restricted to the subset of 133 speakers for whom
both measures are available in all three speaking sit-
uations, yielding a balanced set of 399 observations
per measure across WSS, FG, and WSD.

Across both measures, a consistent ordering is
observed (WSD > FG > WSS), holding for both ab-
solute scores and within-speaker differences. How-
ever, the scales of the two measures differ funda-
mentally. The D-value has an interpretable absolute
zero corresponding to near-standard pronunciation,
whereas DIME is standardized relative to the refer-
ence distribution. Negative DIME values therefore
indicate a below-average combination of distance
and directional projection relative to the standard
reference corpus.

Delta distributions provide a more direct view
of within-speaker variation across conditions. For
both measures, the pairwise differences WSD —
WSS and FG — WSS are predominantly posi-
tive, indicating more dialectal speech in dialect-
intended and spontaneous settings. In contrast, the
WSD — FG difference is centered closer to zero,
suggesting only minor differences between dialect-
intended and spontaneous speech. However, the
comparatively large spread of the distributions in-
dicates substantial variability across speakers, with
some speakers producing spontaneous speech that
is close to dialectal production, while others show
larger deviations.

While both measures exhibit similar qualitative
patterns, the D-value shows a relatively broader
spread for the WSD — WSS difference, indicating
greater variability across speakers in the magni-
tude of the shift between standard-intended and



dialect-intended speech. In comparison, DIME dis-
tributions appear more compact, suggesting more
homogeneous within-speaker variation, although
differences in scale between the measures limit
direct comparability.

4.4 Between-Dialect Structure

As speakers differ substantially in their reported
ability to speak the dialect of their home region, we
restrict the analysis to speakers whose self-assessed
dialect proficiency lies above the global mean rat-
ing. Previous work has shown that very low self-
assessed dialect proficiency can negatively affect
dialect classification performance, whereas this ef-
fect was no longer observed above the mean rating
threshold (Fischbach et al., 2026). The filtering
step is therefore intended to reduce the influence
of speakers whose speech exhibits only low levels
of dialectality. We consider the dialect regions that
were also used to train the MLP described in sub-
section 3.1. Dialect regions represented by fewer
than five speakers after filtering are excluded from
the analysis. For each speaker, we first compute
the median DIME across segments within a given
speaking condition. Subsequently, these speaker-
level scores are aggregated by taking the median
across all speakers belonging to the same dialect
region. This results in one representative score per
dialect and condition, allowing for a direct compar-
ison of dialect regions in terms of their distance to
the chosen standard reference.

Figure 3 shows the resulting dialect-level scores
for the dialect-intended condition (WSD), using the
BT corpus as the standard reference in orange. The
results indicate that High Alemannic exhibits the
highest median distance from the reference, while
Brandenburgian shows the lowest. This ordering
broadly aligns with previous work on regional di-
alectality in German, which reports comparatively
low dialect intensity in eastern Central German
regions such as Brandenburg and stronger dialect
intensity in many northern and southern dialect
regions (Lameli, 2025, p. 63).

To assess the influence of the chosen reference
corpus on the resulting dialect scores, we repeat
the analysis using the TS corpus as reference.
As TS speakers operate within a highly standard-
ized broadcast domain and are expected to adhere
closely to codified pronunciation norms (Krech
et al., 2009), their speech is commonly used as an
empirical approximation of Standard German (Tor-
res and Miiller, 2021). The corpus can therefore be
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Swabian (S) m”s.oz (n=37)
Northern Low German (NLG) 203 (n-22) 3.40 (n=22)
Bavarian (B) w 2.88 (n=43)
Ripuarian (R) R 308 n=13)
Rhine Franconian (RF w 2.66 (n=33)
East Hessian (EH ._Jﬂ”?& (n=8)
Mecklenburgish Pomeranian (MP| ,ﬂ%"‘;ﬂ_gg (n=11)

1.11 (n=15)

Moselle Franconian (MF =@= 2.18 (n=15)

)
)
)
)
East Middle German (EMG) M 1.87 (n=23)
)
)
)
)

Central Hessian (CH ,..Oﬁ|7(1n_T51()n=11)
Westphalian (WP m5)1 .65 (n=15)
East Franconian (EF MQ 44 (n=26)
Brandenburgian (BB ,..‘@,”T_S& (n=12) o Ei%%sessctggu
0 1 2 3 4

Median DIME score

Figure 3: Median DIME scores by dialect region in
the WSD condition for two standard reference corpora.
Scores are first aggregated per speaker and subsequently
summarized per dialect. Markers and adjacent values
denote the median, while horizontal intervals show the
interquartile range ()1—(3) across speakers. Numbers
in parentheses indicate the number of unique speakers.

considered a stronger proxy for Standard German.

Using this reference shifts dialect scores towards
higher values, indicating greater distance from the
chosen standard reference. This is also shown in
Figure 3 (blue). However, this shift is not uniform
across dialects. While the overall ordering remains
broadly similar, some relative differences change.
For instance, Northern Low German is ranked as
more distant from the standard than Swabian with
the TS reference, whereas the opposite pattern
holds with the BT reference. This highlights that
the choice of reference corpus affects not only the
absolute scale but also the relative positioning of
dialects.

Although the BT corpus yields higher correla-
tions with the D-value, TS provides a more linguis-
tically plausible reference for standardness, indicat-
ing a trade-off between empirical agreement with
the D-value and the linguistic plausibility of the
reference corpus.

5 Discussion

Dialectal variation is primarily organized along a
directional gradient in embedding space. While
distance captures global deviation from the stan-
dard reference, the projection component provides
the more informative signal, as reflected by con-
sistently low optimal weights (w € [0.15,0.35]).



The best performance is achieved by combining
both components. However, the projection is only
effective when learned from domain-matched data.
Because WSS and WSD involve the same speakers
and the same set of Wenker-sentences, their pri-
mary systematic difference is intended dialectality;
this controlled contrast likely yields a more consis-
tent separation signal than external standard cor-
pora, although effects associated with the direction
of the translation task cannot be fully excluded.

Across reference corpora, the proposed score
remains robust: correlations with the D-value are
consistently high, while separation performance
(AUC) is largely unaffected by the choice of ref-
erence. The comparatively high AUC values are
partly expected, as the directional component is
learned by logistic regression to separate WSS from
WSD and receives substantial weight in the final
score. AUC therefore primarily reflects the linear
separability of the two conditions along the learned
direction. Correlation with the D-value imposes a
stricter requirement, as the scores must additionally
preserve graded differences in dialectality between
speakers. This helps explain why alternative repre-
sentations can distinguish WSS and WSD without
yielding an equally meaningful continuous dialec-
tality scale. The optimal weighting parameter is
also stable, indicating that the balance between
distance and direction is not highly sensitive to
the specific corpus. Combining multiple reference
corpora does not yield systematic improvements,
suggesting that increasing the amount of standard
data alone does not improve alignment with the
D-value.

Although correlations are consistently signifi-
cant, they remain below perfect agreement, reflect-
ing that both measures capture different aspects
of dialectal variation. While the D-value is based
on manually annotated segmental differences rela-
tive to a codified standard, DIME operates directly
on acoustic embeddings and may additionally cap-
ture suprasegmental cues such as intonation and
prosody, although their contribution is not isolated
in the present analysis. Evidence for out-of-domain
generalization is also provided by the consistent
shift towards more standard-like values for TS data
using BT as standard reference. However, this anal-
ysis is limited by the absence of an external refer-
ence measure.

The within-speaker analysis further confirms
that both DIME and D-value capture systematic
variation across speaking conditions (WSD > FG

> WSS). At the same time, DIME exhibits more
compact distributions, whereas the D-value shows
greater variability across speakers, likely reflect-
ing differences in the nature and scaling of both
measures.

At the dialect level, the scores allow direct com-
parison of dialect regions in embedding space and
suggest a largely continuous structure of dialect
variation relative to the chosen standard reference.
However, both absolute values and ordering de-
pend on the reference corpus. While BT yields the
highest correlation with the D-value, TS provides
a more linguistically plausible approximation of
Standard German, highlighting a trade-off between
empirical alignment and theoretical assumptions
about standardness. Differences in sample size
and the degree of dialect production should also
be considered, as both may affect the stability of
dialect-level estimates.

Overall, the findings suggest that neural speech
embeddings encode dialectal variation as a graded
geometric structure. Embeddings derived from a
dialect classification model therefore contain not
only discrete class information but also information
about relative dialect distance. Unlike approaches
based on ASR or handcrafted features, the pro-
posed method operates directly on learned acoustic
representations.

6 Conclusion

In this work, we introduced a dialect distance mea-
sure from classification embeddings (DIME) that
models dialectal variation as a continuous geomet-
ric structure in representation space. By combining
distance to a standard reference with projection
onto a learned dialect—standard direction, the mea-
sure captures both global deviation and structured
variation in speech.

Our results show that embeddings from a dialect
classification model encode meaningful continu-
ous information about dialectal variation. The pro-
posed score correlates well with the D-value as
an independent phonetic reference, is robust across
reference corpora, and supports the analysis of both
within-speaker and between-dialect variation. Fu-
ture work will investigate dynamic variation within
conversations and speaker-specific dialectal pro-
files.



Limitations

A limitation of the present study is that the embed-
ding model was trained on data closely related to
the evaluation setting, which may have influenced
the observed structure. Future work should investi-
gate whether similar patterns hold for embeddings
trained on more diverse or unrelated data. Sepa-
rately, DIME relies on representations learned from
supervised dialect labels. Although new recordings
can subsequently be scored without transcriptions
or dialect labels, the resulting geometry may de-
pend on the quality, granularity, and composition
of the training labels. Generalizability is further
limited by speaker composition: REDE contains
only male speakers, and the TS and HUI subsets
were matched accordingly. BT includes both male
and female speech, but their proportions are un-
known. It therefore remains unclear whether DIME
behaves comparably for female speakers.
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A Overview of the DIME Pipeline
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Figure 4: Overview of the DIME pipeline. Segment-level classification embeddings are used to construct an external
standard center and to learn a WSS—WSD direction. The z-normalized distance and projection components are

subsequently combined into the final DIME score.
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