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Abstract

Word Error Rate (WER) remains the standard metric in automatic speech recognition (ASR) evaluation, yet it does
not capture higher-level linguistic distinctions such as prosody. This article examines how three state-of-the-art
open-source ASR models (Whisper, Meta’s MMS, and GigaAM) handle the distinction between Russian polar
questions and assertions. Russian is particularly suitable for this investigation because polar questions can be
marked either morphologically (li, razve) or purely intonationally, without changes in word order. Using audio stimuli
from a controlled psycholinguistic experiment, I compare human classification performance in two experimental
studies with ASR transcriptions, taking sentence-final punctuation as a proxy for prosodic interpretation. While
human participants show near-ceiling accuracy, the ASR models perform inconsistently, especially on intonationally
marked questions. Additional contextual cues improve performance in some cases but also reveal instability across
conditions. The results demonstrate that evaluating punctuation provides insights beyond WER and allows a more
fine-grained view of how current ASR systems encode prosodic and grammatical information.
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1. Introduction

Moving beyond Word Error Rate (WER) as the sole
evaluation metric for automatic speech recognition
(ASR) systems is essential for a more comprehen-
sive assessment of their performance (Aksënova
et al., 2021; Gandhi et al., 2022). While WER cap-
tures lexical accuracy, it does not reflect higher-
level linguistic properties. In many languages, cru-
cial grammatical distinctions are expressed through
intonation rather than through segmental morphol-
ogy or word order (e.g., focus or question marking;
Ladd 2008, p. 5). However, despite operating on
acoustic input, most ASR systems are optimized
for lexical transcription rather than for the explicit
modeling of suprasegmental structure (Renals and
King, 2010, p. 814, 829).

In this paper, I investigate the extent to which
three off-the-shelf ASR models encode prosodic
distinctions in a low-resource experimental set-
ting. Following earlier work that considers punctua-
tion as an additional evaluation dimension (Meister
et al., 2023; Gris et al., 2023), I use sentence-final
punctuation as a proxy for prosodic interpretation.
While punctuation does not map to speech in a
one-to-one manner, it provides a measurable way
to probe whether ASR systems differentiate be-
tween sentence types that are structurally identical
but prosodically distinct.

Using audio stimuli from a psycholinguistic eye-
tracking study designed to examine the process-
ing of Russian polar (yes/no) questions and as-
sertions (Razguliaeva et al., to appear), I com-
pare human classification performance with the
transcriptions produced by three state-of-the-art
open-source models —OpenAI’s Whisper (Radford

et al., 2022), Meta’s Massively Multilingual Speech
(MMS) (Pratap et al., 2023), and GigaAM (Kutsakov
et al., 2025). Russian offers a particularly suitable
testing ground, as polar questions may be marked
either morphologically or purely intonationally, with-
out changes in word order. This allows us to directly
assess whether current ASR systems capture dis-
tinctions that rely exclusively on prosody.

This paper is organized as follows. Section 2
introduces the relevant properties of Russian polar
questions and assertions. Section 3 presents the
ASR models and experimental results. Section 4
discusses the findings, and Section 5 concludes.

2. Russian PQs and assertions

Classified as a ”Question Particle” language in
Dryer (2013), Russian, in fact, exhibits two po-
lar question (henceforth, pq) strategies, both of
which allow negation (Restan 1972; Zanon 2024;
Korotkova 2023; Šimík to appear, a.m.o.): (i) overt
particle marking as in (1) or (2), and (ii) intonational
marking as in (3). The particle li attaches to a
fronted verb in canonical matrix PQs as in (1) (King,
1994). PQs with another question particle razve,
as in (2), are dubbed biased and approximately
translated to English PQs with ‘really’ (Geist and
Repp 2023, cf. Korotkova submitted).

(1) (Ne)
neg

Zažëg
lit

li
li

Miša
Miša

večerom
evening

svečku?
candle

‘Did Miša (not) light a candle in the evening?’
(2) Razve

razve
Kira
Kira

(ne)
neg

xodila
went

segonja
today

v
in

školu?
school

‘Did Kira really (not) go to school today?’
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The latter intonation strategy in (3) preserves declar-
ative SVO order with questionhood indicated exclu-
sively by prosody, placing a special nuclear pitch
accent L+H* on the inflected verb (Meyer 2004;
Esipova 2025).1 Compare an intonPQ in (3) that
carries the prominence on the verb zažëg ‘he lit’
(visual representation in Figure 1) with an assertion
in (4) (also in Figure 2).2 Meyer and Mleinek (2006,
p. 1616) point out that this type of PQs might sound
impolite or rough to English or German ears; how-
ever, on par with liPQs, intonPQs are attested
in out-of-the-blue contexts, i.e., they are deemed
canonical in Russian. But contrary to liPQs, in-
tonPQs are more frequent in spoken speech and
corpora (Restan 1972; Bryzgunova 1975; Esipova
2025; King 1994; Onoeva and Staňková 2025).

(3) Miša
Miša

(ne)
neg

zažëL+H∗g
lit

večerom
evening

svečku?
candle

‘Did Miša (not) light a candle in the evening?’

Miša ne zažëg večerom svečku?

Miša not lit evening candle
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Figure 1: intonPQ in (3)

(4) Miša
Miša
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lit

večerom
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lampočku.
lightbulb

‘Miša did (not) light a lightbulb in the evening.’

Miša ne zažëg večerom lampočku.

Miša not lit evening lightbulb

Time (s)

0 1.68

0

5000

0

300

P
it

ch
 (

H
z)

F
req

u
en

cy
 (H

z)

Figure 2: assertion in (4)

As expected, native Russian speakers presented
with just auditory cues (≈ 1 to 2 seconds recorded
by a male speaker) detect the differences between

1Alternatively, this nuclear pitch accent can be placed
on the linearly last stressed syllable, resulting in an
explanation-seeking question with a higher Question Un-
der Discussion (Esipova and Romero, 2023; Esipova,
2025). It is not examined here and is left for future re-
search.

2The graphics are compiled in Praat (Boersma and
Weenink, 2009).
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Figure 3: Plain audios results: Human accuracy.

the two sentence types at a very high level. Dur-
ing the eye-tracking visual world paradigm experi-
ment reported in Razguliaeva et al. (to appear), we
were able to observe the differences in process-
ing between assertions like (4) (16 positive and 16
negative sentences) and PQs (32 positive and 32
negative for each liPQs in (1) and intonPQs in
(3)): while in assertions, participants (N = 52) fo-
cused their attention on the picture corresponding
to the expressed polarity, i.e., to a picture with the
unlit lightbulb for (4) with negation and to the lit one
with a positive assertion. Fixations in questions
became concentrated on the positive picture (i.e.,
the lit candle for (1) and (3)), largely independently
of the polarity expressed in the stimulus. The re-
sults were further replicated in a forced-choice task
conducted with the same audio stimuli. The task
was to listen to an audio recording and select one
of the two presented options: for the sentences as
in (1), (2), and (3), participants (N = 54) were ex-
pected to press “question,” while for (4) they were to
press “assertion”. Participants showed near-ceiling
performance in utterance classification; the descrip-
tive results are in Figure 3 (means = 0.97-1, SD =
0.00-0.16, with little variance for statistical models
to detect group differences).3

The same task, when performed on the identical
set of audio files by the three ASR models, proved
to be considerably more problematic, as shown
below.

3. ASR and Russian PQs

The evaluated ASR systems differ in architec-
ture and decoding strategy. Whisper (Radford
et al., 2022) is an autoregressive encoder–decoder
model, large_v3 was used for the experiments;
transcriptions were generated using greedy decod-
ing (temperature = 0.0). MMS by Meta (Pratap
et al., 2023) is a CTC-based end-to-end model de-
coded via standard greedy CTC decoding. Since
MMS does not generate punctuation, I restored
punctuation in a post-processing step using the

3All statistical analyzes and visualizations were per-
formed in R (R Core Team, 2021).
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Table 1: Plain audios: Humans and ASR models accuracy (%)
assertions intonPQs liPQs razvePQs
neg pos neg pos neg pos neg pos

Humans (N=54) 100 99.8 97.2 99.1 99.8 98.6 99.8 100
Meta’s MMS 100 100 0 0 18.8 18.8 68.8 68.8
GigaAM (CTC) 100 100 96.9 56.2 100 93.8 100 100
GigaAM (RNNT) 100 100 100 34.4 100 90.6 100 100
Whisper 100 100 62.5 6.2 96.8 84.4 100 100

external Silero Text Enhancement model (Silero
Team, 2026). GigaAM (Kutsakov et al., 2025), de-
signed specifically for Russian, was evaluated in
two variants: (i) a CTC model decoded with greedy
CTC decoding and (ii) an RNNT model using its
standard streaming decoding. Except for Silero, no
external language models were applied, ensuring
comparability under low-resource conditions.

For Russian speech, the WER reported for the
base Whisper large_v3 model is 5.8% on Com-
mon Voice and 5% on FLEURS (OpenAI, 2022).
The end-to-end variant of GigaAM-v3, which was
used for both CTC and RNNT, won 70% of pair-
wise side-by-side comparisons against Whisper
(Salute Developers, 2023). MMS 1B achieves ap-
proximately 15% WER on Russian in the multilin-
gual FLEURS evaluation (Pratap et al., 2023). How-
ever, for the present study, punctuation, namely, a
period for assertions and a question mark for ques-
tions, was used as a dependent variable in the ASR
experiments.

3.1. Plain audios – results
Accuracy for the ASR models was defined as
the proportion of utterances whose sentence-final
punctuation matched the intended sentence type
(question mark for questions, period for asser-
tions). All other outputs were counted as incorrect.
Similar to humans, detecting plain assertions and
razvePQs posed no difficulty for the ASR models,
with near-ceiling accuracy across polarity condi-
tions, see Table 1 and Figure 4 for the results. The
only exception was MMS, which reached 68.8% for
razvePQ. A larger variation emerged for liPQs,
while MMS showed low accuracy, GigaAM (CTC
and RNNT) performed strongly on these questions,
and Whisper remained slightly below ceiling.

The most striking differences appeared for inton-
PQs: unlike top-performing humans, the models of-
ten fail to differentiate between the sentence types.
MMS did so completely with 0% accuracy, mean-
ing it placed the period instead of the question in
all intonPQs. GigaAM models showed different
results on the same set of audios: while RNNT
reached 100% accuracy in the negative condition, it
dropped sharply in the positive one (34.4%), result-
ing in a stronger polarity asymmetry compared to
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Figure 4: Plain audios results: ASR accuracy.

CTC (96.9% vs. 56.2%). Whisper also performed
inconsistently, detecting only 6.2% of positive in-
tonPQs and 62.5% of negative. Overall, models
handled morphologically marked questions better
than purely intonational ones. To further investigate
whether transcription accuracy can be improved,
I conducted additional tests with the same audio
stimuli enriched by some context.

3.2. Enriched audios – results

The original audio files recorded by a native male
Russian speaker were enriched with nine additional
contexts spoken by a female native speaker. The
contexts were either related to questioning or un-
related, and were added before or after the plain
utterances. Question-related contexts included po-
lar replies such as Ja dumaju, čto da/net ‘I think
that yes/no’ appended after a sentence, and pre-
posed cues such as On sprosil ‘He asked’ and
Sledujuščee predloženie — èto vopros ‘The next
sentence is a question’. Unrelated contexts in-
cluded the prepended On skazal ‘He said’, the word
čerepaxa ‘turtle’, and excerpts from Pushkin’s Rus-
lan and Ljudmila (R&L), added either before or after
the original audio. Figure 5 summarizes the results
of all ASR experiments across four models.

Each heatmap shows accuracy (%), with darker
shades indicating higher performance. Rows rep-
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Figure 5: All ASR experiments: darker color = higher accuracy (%). The first row condition plain had no
context and added to each facet as a baseline comparison.

resent context manipulations, while columns dis-
tinguish between sentence types with and without
negation. The first row in each facet corresponds
to plain audio (i.e., from Table 1) and serves as
a no-context baseline. Compared to the plain au-
dios, the additional utterances had virtually no ef-
fect on assertions and razvePQs (the first and
last columns, respectively), which remained at or
near ceiling across models and contextual manipu-
lations. Once again, except for Meta’s MMS in the
preceding and added after lines from R&L, which,
however, already had low accuracy in the baseline.

The results for positive intonPQs (the left top and
bottom facets) show a similar pattern in GigaAM
CTC, GigaAM RNNT, and Whisper. Performance
for the enriched audio stimuli with contexts related
to question asking (the top left facet) is generally
stable and, in some cases, slightly improves over
the plain condition, although the gains are rather
limited (only GigaAM RNNT does not exceed 60%
in Pre ‘Next Q’). In contrast, the bottom left part
of the plots, corresponding to conditions unrelated

to questioning, shows a consistent decline, often
reaching or falling below the plain baseline. This
decrease is particularly visible for Whisper and Gi-
gaAM RNNT, where accuracy drops substantially
compared to their baseline performance, while Gi-
gaAM CTC remains comparatively more robust,
with a notable exception in the Pre R&L condition
(87.5%). The bootstrap results (provided in Table 2
in the Appendix) support the patterns observed in
Figure 5, confirming that improvements for posi-
tive PQs are primarily associated with question-
related contexts, while unrelated contexts tend to
yield no effects or worsen detection. For negated
PQs, Whisper shows better performance as well,
but for the GigaAM models, the effect of context is
minimal, with performance remaining largely stable
across conditions.

Notably, there is a decrease in performance for
Pre ‘He asked’ in liPQs. In addition to matrix polar
questions, the particle li also occurs in embedded
contexts such as (5), resembling English whether
or German ob (Restan, 1972; King, 1994).
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(5) Mama
Mom

sprosila,
asked

kupil
bought

li
li

Maks
Maks

xleb.
bread

‘Mom asked whether Max bought bread.’

The drop is particularly visible for GigaAM RNNT:
when the prepended context ‘He asked’ is com-
bined with the presence of the li particle, the model
tends to interpret the utterance as an embedded
clause, whereas previously it placed a question
mark. Although this is a possible interpretation,
in our set it was still counted as incorrect, as two
sentences were produced by a female and a male,
meaning the models failed to recognize two differ-
ent speakers.

4. Discussion

As rightly noted by the two anonymous reviewers,
the experiment with Meta’s MMS has a method-
ological limitation: the model itself does not predict
punctuation but relies on an additional Silero com-
ponent, which has no access to prosody. However,
I decided to retain these results for three reasons.
First, they point to a clear direction for improve-
ment, namely integrating prosody and punctuation
prediction. Second, MMS performs consistently
poorly across conditions; i.e., it is stable in its er-
rors, which makes its behavior interpretable rather
than noisy. Third, this case also highlights a limita-
tion of WER: while MMS may achieve a relatively
good WER score, this metric does not capture its
failure to detect sentence type.

When it comes to GigaAM and Whisper, the
improved transcriptions observed when question-
related utterances were added can plausibly be at-
tributed to the architectures of the models. Whisper
employs a transformer encoder–decoder model,
while GigaAM is based on a Conformer architecture
with self-attention. In both cases, attention mech-
anisms allow the models to make use of broader
contextual information, which appears to improve
question detection.

While this is encouraging, it also highlights a limi-
tation of current ASR systems for Russian PQs. As
is clear from above, prosody alone often signals
sentence type and is reliably detected by native
speakers without relying on additional contextual
cues. At the same time, as rightly pointed out by
an anonymous reviewer, human performance may
also depend on factors such as language profi-
ciency or sensitivity to contextual cues. However,
all participants in the present study were native
speakers of Russian, which minimizes the variabil-
ity of the former issue. It is possible that non-native
speakers would show lower accuracy or rely more
on contextual information. For the latter issue, it is
also conceivable that enriched audio could mislead
human participants; for instance, by biasing them

to interpret assertions as questions when preceded
by cues such as He asked or The next sentence is
a question. However, even in such cases, the effect
would arise at the level of pragmatic expectations,
rather than from an inability to process prosodic
structure. By contrast, the ASR systems appear
to rely on such external pragmatic cues in order to
approximate distinctions that human listeners can
derive directly from the acoustic signal.

Moreover, the models behave inconsistently
across different contextual manipulations, which
points to instability in their performance. This
variability is not captured by standard WER, high-
lighting the need for more fine-grained evaluation
measures sensitive to sentence type interpretation.
While future work could extend the comparison to
proprietary ASR systems or explore parameter set-
tings such as temperature and beam size, it should
no longer be treated as low-resource. Taken to-
gether, these results suggest that, for Russian, cur-
rent ASR systems still fall short of human listen-
ers in their ability to interpret sentence type from
prosody alone.

Another crucial result from the experiment is
that negation noticeably improves intonPQs de-
tection for multilingual Whisper and Russian-only
GigaAM (accuracy is never below 60%), which, in
turn, points to the fact that the models do rely on
prosody somehow. Negative PQs might occur rela-
tively often in the training data for Russian, so the
models must have picked the combination of the nu-
clear pitch on the verb and negation as a question
marker. I suggest that it is the combination of the
two because (i) the models struggle with positive
intonPQs, i.e., with just verbal prominence, but (ii)
for negative assertions, i.e., with no prominence
on the verb, they perform with 100% accuracy. It is
unexpected because, cross-linguistically, negative
PQs are considered to be marked (or biased; see,
e.g., Gärtner and Gyuris 2017; Goodhue 2022) and
used in specific contexts; thus, they should occur
much less frequently than positive ones (for English,
see Keisanen 2006). This also contradicts the re-
sults for Russian from the spoken corpus (Onoeva
and Staňková, 2025): out of 500 randomly collected
PQs, only 79 were negative (15.8%). On the other
hand, the so-called expletive negation is widely at-
tested in Russian PQs (Brown and Franks, 1995;
Abels, 2005; Zanon, 2024). Semantically, it is in-
terpreted as having no negative force, but it might
contribute a different meaning flavor in PQs, e.g.,
the inquirer’s attitude towards a possible answer
(see a similar idea for Czech in Šimík to appear).
Mills (1992) brings further support for that claim, as
she links negation in Russian PQs to politeness.

From an applied perspective, these findings raise
questions about how current ASR systems handle
prosodic information in downstream applications,
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especially in tasks where sentence type is relevant,
such as dialog systems or speech interfaces. At
the same time, the present experiments show how
controlled manipulations of input can be used to
examine model behavior more systematically, in
particular, their sensitivity to contextual cues.

5. Conclusion

In this article, I pursued the goal of going beyond
WER as the primary metric in ASR evaluation and
gaining insight into the “black box” behavior of state-
of-the-art models. Punctuation proved to be a use-
ful proxy in low-resource settings, allowing assess-
ment of sentence type distinctions. The results sug-
gest that standard WER-based evaluation would
be insufficient here, as it does not capture system-
atic errors in prosodic interpretation. The experi-
ments further indicate that current ASR systems
rely on contextual cues and struggle to generalize
from prosody alone, as reflected in their variability
across conditions and the asymmetry between posi-
tive and negative intonPQs. At the same time, their
relatively strong performance on negative inton-
PQs suggests that they do have access to prosodic
information. However, reducing speech to text still
overlooks other prosodic features, such as focus
marking. Overall, this approach makes it possible
to probe model behavior in a more fine-grained
way.
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Table 2: Performance across the ASR models (excluding Meta’s MMS) for intonPQs only under different
contextual conditions. Accuracy (Acc.), improvement (Imp.) over baseline, and 95% bootstrap confidence
intervals (CI) are reported separately for positive and negative intonPQs. Improvements are expressed
in percentage points relative to the baseline (plain audio) condition from Table 1. Effects are classified as
significant when the confidence interval does not include zero. The rest of the results are available on
OSF.

Context Positive intonPQs Negative intonPQs
Acc. Imp. CI Effect Acc. Imp. CI Effect

Whisper
Pre ’Next Q’ 78.10 71.90 [56.25, 87.50] Improves 100.00 37.50 [21.88, 53.12] Improves
Pre ’He asked’ 68.80 62.50 [43.75, 78.12] Improves 100.00 37.50 [21.88, 53.12] Improves
Post ’yes’ 90.60 84.40 [71.88, 96.88] Improves 100.00 37.50 [21.88, 56.25] Improves
Post ’no’ 87.50 81.20 [65.62, 93.75] Improves 100.00 37.50 [21.88, 53.12] Improves
Pre ’Turtle’ 12.50 6.20 [−6.25, 18.75] No effect 96.90 34.40 [18.75, 50.00] Improves
Post ’Turtle’ 15.60 9.40 [−3.12, 21.88] No effect 75.00 12.50 [3.12, 25.00] Improves
Pre R&L 12.50 6.20 [−6.25, 18.75] No effect 90.60 28.10 [12.50, 43.75] Improves
Post R&L 3.10 −3.10 [−9.38, 0.00] No effect 71.90 9.40 [−6.25, 25.00] No effect
Pre ’He said’ 25.00 18.80 [6.25, 34.38] Improves 100.00 37.50 [21.88, 53.12] Improves
GigaAM: RNNT
Pre ’Next Q’ 59.40 25.00 [3.12, 46.88] Improves 100.00 0.00 [0.00, 0.00] No effect
Pre ’He asked’ 96.90 62.50 [46.88, 78.12] Improves 100.00 0.00 [0.00, 0.00] No effect
Post ’yes’ 96.90 62.50 [46.88, 78.12] Improves 96.90 −3.10 [−9.38, 0.00] No effect
Post ’no’ 96.90 62.50 [46.88, 78.12] Improves 96.90 −3.10 [−9.38, 0.00] No effect
Pre ’Turtle’ 3.10−31.20 [−46.88, −15.62] Worsens 84.40−15.60 [−28.12, −3.12] Worsens
Post ’Turtle’ 18.80−15.60 [−31.25, 0.00] No effect 87.50−12.50 [−25.00, −3.12] Worsens
Pre R&L 28.10 −6.20 [−28.12, 15.62] No effect 100.00 0.00 [0.00, 0.00] No effect
Post R&L 28.10 −6.20 [−25.00, 12.50] No effect 93.80 −6.20 [−15.62, 0.00] No effect
Pre ’He said’ 6.20−28.10 [−43.75, −12.50] Worsens 65.60−34.40 [−50.00, −18.75] Worsens
GigaAM: CTC
Pre ’Next Q’ 87.50 31.20 [12.50, 50.00] Improves 100.00 3.10 [0.00, 9.38] No effect
Pre ’He asked’ 100.00 43.80 [28.12, 59.38] Improves 100.00 3.10 [0.00, 9.38] No effect
Post ’yes’ 100.00 43.80 [28.12, 62.50] Improves 100.00 3.10 [0.00, 9.38] No effect
Post ’no’ 100.00 43.80 [28.12, 59.38] Improves 100.00 3.10 [0.00, 9.38] No effect
Pre ’Turtle’ 25.00−31.20 [−46.88, −15.62] Worsens 93.80 −3.10 [−9.38, 0.00] No effect
Post ’Turtle’ 53.10 −3.10 [−18.75, 12.50] No effect 96.90 0.00 [0.00, 0.00] No effect
Pre R&L 87.50 31.20 [15.62, 46.88] Improves 100.00 3.10 [0.00, 9.38] No effect
Post R&L 50.00 −6.20 [−21.88, 9.38] No effect 96.90 0.00 [0.00, 0.00] No effect
Pre ’He said’ 18.80−37.50 [−53.12, −21.88] Worsens 87.50 −9.40 [−21.88, 0.00] No effect
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