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Abstract

We evaluate four machine simultaneous inter-
preting (SI) systems, an open-weight and a
commercial instance of both the cascaded and
the end-to-end speech-native architecture, on
simulated conference discourse interpreted into
five languages. All outputs are compared with
professional interpretations. Reference-free
quality metrics are first calibrated against blind
expert ratings of the human renditions: their
association with expert ratings is strongest for
content, weaker for presentation, and weak-
est for style. Machine systems attain content-
similarity scores within or above the profes-
sional range and higher median segment cover-
age at the reported alignment threshold. Cov-
erage can count professional compression as
omission and is sensitive to transcription and
alignment error, so the surplus does not estab-
lish better interpreting. For latency, only the
commercial speech-native system approaches
professional timing. Estimated content lag thus
ranges from under twice to more than ten times
the professional median, and each system’s de-
lay is associated with an observable operating
property: commit granularity, synthesis queu-
ing, or compute limits. Together, the rating-
calibrated metrics and professional distribution
provide a reference-free procedure for evaluat-
ing machine interpreting on unsegmented, full-
length conference discourse.

1 Introduction

Simultaneous speech translation is deployed on
long-form, unsegmented, spontaneous speech,
whereas its established evaluation methods pre-
suppose sentence-segmented input with reference
translations (Ma et al., 2020; Papi et al., 2025).
In simultaneous interpreting (SI), professional ren-
ditions can involve compression and syntactic re-
structuring (Liontou, 2011; Hodzik et al., 2024).
A corpus-based analysis of English—Japanese SI
also describes reformulation through information
packaging at conceptual and translation-unit levels

(Ishizuka, 2024). A single sentence-aligned refer-
ence may therefore fail to capture this variation,
and expert evaluation panels cannot be convened as
frequently as systems are updated. An evaluation
matched to this setting must therefore (i) operate
reference-free on unsegmented audio, (ii) apply
identically to systems whose internals are inacces-
sible, and (iii) demonstrate, rather than assume, that
its automatic metrics measure what expert judges
of interpreting evaluate.

This paper contributes such an evaluation and
applies it to the two architectures currently in
use. Cascaded systems decompose the task into
recognition, text translation, and synthesis; end-to-
end speech-native systems translate speech directly
without a committed text stage. We instantiate each
family twice, as an open-weight system, whose in-
ternal states remain available for subsequent model
analysis, and as a commercial service, which the
protocol must handle as a black box. The systems
are an open cascade (Whisper-large-v3, NLLB-200,
MMS-TTS) and the commercial cascade Azure
Speech Translation; the open end-to-end Seam-
lessStreaming and the commercial speech-native
gpt-realtime-translate.

A completed experiment on distance interpret-
ing (Seeber and Pan, 2026) provides renditions of
the same four enacted conference scenarios (on
average 10.5 minutes each) by 78 professional con-
ference interpreters into six languages (74 enter
the analyses; Section 3), with 3,016 discrete blind
expert ratings on content, style, and presentation.
The ratings validate the reference-free metrics be-
fore any machine output is scored (Section 6.1):
the metrics are more strongly associated with the
experts’ content judgments than with presentation
or style, so machine claims are confined to content.
The renditions define the human performance en-
velope, the empirical distribution of professional
latency, coverage (the share of source segments re-
ceiving a rendition), and content-similarity scores

548

Proceedings of the Eleventh Conference on Machine Translation (WMT), pages 548-560
October 28-29, 2026. (©)2026 Association for Computational Linguistics



under the same instruments, in which every ma-
chine result is placed; the five machine languages
and four speeches are fixed by this corpus.

Three research questions structure the study:

RQ1 Which reference-free quality metrics align
with professional judgment of interpreting, on
which rating criteria, and finely enough to resolve
known quality differences?

RQ2 Where does each system score within the
professional envelope on content similarity and
content coverage?

RQ3 Does any system reproduce professional
temporal behavior: the listener-experienced con-
tent lag and its regulation over a full speech?

Sections 3 and 4 describe the data and systems,
Section 5 the measurement protocol, Section 6 the
metric validation and the comparison.

2 Related Work

Evaluating simultaneous speech translation.
Latency evaluation for SimulST standardized
around SimulEval (Ma et al., 2020) and the average-
lagging family: AL (Ma et al., 2019), its length-
adaptive correction LAAL (Papi et al., 2022), and
DAL (Cherry and Foster, 2019). These measures
presuppose sentence-segmented input, which de-
ployment speech does not provide. StreamLLAAL
(Papi et al., 2024) extends latency measurement to
unbounded streams, and Papi et al. (2025) show
that reported SimulST performance degrades sub-
stantially under realistic long-form conditions. We
provide measurement on unsegmented ecological
speech with instruments that require no access to
system internals, so that open models, closed ser-
vices, and human interpreters are scored by the
same procedure.

Reference-free quality estimation. Where suit-
able references are unavailable, quality estimation
substitutes learned judgment: COMET-QE and
CometKiwi on text (Rei et al., 2020, 2022), and, for
speech, BLASER and BLASER-2.0 (Chen et al.,
2023; Seamless Communication et al., 2023b),
regressors over SONAR sentence embeddings
(Duquenne et al., 2023) that score target speech
directly against source speech. All are trained on
translation-adequacy judgments; interpreting strate-
gies such as compression and syntactic restructur-
ing (Liontou, 2011; Hodzik et al., 2024) may com-
plicate the interpretation of their scores. RQI tests
whether, and for which criteria, these metrics align
with expert interpreting judgment.

Human evaluation of machine interpreting.
Fantinuoli and Prandi (2021) framed machine-
interpreting evaluation communicatively, arguing
that MT metrics miss what users of interpretation
need. Deployed systems have since been assessed
by expert panels (Matsushita, 2026; World Health
Organization, 2025), with reported lags up to 32
seconds and low acceptability rates. Such pan-
els judge each machine anew, which cannot be
repeated at the pace systems change. Our design
places human judgment at the beginning instead:
expert ratings that already exist, of human rendi-
tions, are used once to test which automatic met-
rics align with expert judgment (RQ1, Section 6.1),
and the selected metrics can then score additional
systems. Their validity on machine output still re-
quires testing (Section 6.1). The two uses of human
judgment are complementary.

An earlier report for ITCILO compared Wordly
and Stenomatic with human interpreting on three
event excerpts, using manually aligned transcripts
and reference-free XCOMET-XL (ITCILO Advi-
sory Services, 2025, pp. 14-19). The report cau-
tioned that automated scores may penalize inter-
preters’ context-sensitive adaptations, including
compression (pp. 37-38). This provides a method-
ological precedent for examining how automatic
evaluation handles human interpreting.

Cascade and end-to-end systems. Both archi-
tecture families are currently in use, cascaded sys-
tems dominating the market and speech-native sys-
tems commercially available since 2026 (Adelani
et al., 2026; OpenAl, 2026). A current compari-
son must therefore cover both in open-weight and
commercial form. Our comparison anchors both ar-
chitecture families in a distribution of professional
performance on identical ecological input, with au-
tomatic metrics calibrated against expert ratings of
human renditions.

3 The Human Benchmark

The human reference data originate from a com-
pleted experiment on distance interpreting (Seeber
and Pan, 2026), conducted before any system de-
scribed in this paper existed, and are reused here
unchanged as measurement infrastructure. In that
experiment, 78 professional conference interpreters
each rendered the same four re-enacted confer-
ence scenes in English (roughly 10.5 minutes each;
2,559 of source speech) in a counterbalanced
2 x 2 within-participant design crossing modal-
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ity (audio-only, ARI, versus video remote, VRI)
with sound quality (full-band HQ, 125 Hz—-15 kHz,
versus telephone-band LQ, 300 Hz-3.4 kHz). Tar-
get languages were French (45 interpreters), Span-
ish (11), German (6), Russian (6), Italian (5), and
Dutch (5; no machine counterpart, retained only
in envelope descriptives). The machine systems
consume clean full-band audio, so the machine-
matched human stratum is the audio-only, full-band
condition (ARI-HQ). Machine placements are also
checked against the remaining strata as a sensitiv-
ity analysis. Four of the 78 recorded participants
are excluded on the original study’s pre-existing
grounds (one produced no usable audio, one was
dropped from the original quality evaluation, one
completed only two of the four trials, one with-
drew), leaving 74 in the envelope (App. A).

The same experiment produced a blind expert
quality evaluation of the human renditions: profes-
sional raters (6 for French, 4 for Spanish, 5 each
for German, Italian, and Russian) scored 8 fixed ex-
cerpt windows per interpreter on 7-point scales for
content, style, and presentation, yielding 3,016 rat-
ings of 69 interpreters with no missing cells (ICC
= .642). These ratings provide the criterion for
validating the reference-free metrics (RQ1, Sec-
tion 6.1). No machine output is rated by humans,
no new ratings are collected, and no individual in-
terpreter is scored, ranked, or identified.

Ethics. The original experiment was conducted
in line with the Declaration of Helsinki and ap-
proved by the Board of Ethics of the Faculty of
Translation and Interpreting (FTI), University of
Geneva; all participants gave informed consent.
The present study is a secondary analysis of those
recordings and ratings within the scope of that con-
sent: no new human data were collected, rendition
audio was processed exclusively as research data,
and no individual interpreter’s results appear in this
paper or its released artifacts.

4 Four Machine Systems

Table 1 summarizes four systems: one open-weight
and one commercial system for each of two archi-
tectures, cascaded and end-to-end speech-native.
Because the systems also differ in their models,
training data, and implementation, the comparison
cannot establish whether architecture or openness
accounts for their performance differences.

Open cascade (Open-Cascade). A pipeline of
open components: Whisper-large-v3 for recogni-

tion (Radford et al., 2023), NLLB-200-1.3B for
translation (NLLB Team et al., 2022), and MMS-
TTS for synthesis (Pratap et al., 2024), with a
Piper voice for Italian because the MMS Italian
checkpoint was withdrawn from distribution dur-
ing the study (App. A). Whisper-large-v3 provides
an openly available recogniser that can be run lo-
cally with fixed weights and decoding settings. The
same checkpoint was used for English recogni-
tion in CUNI’s IWSLT 2025 simultaneous transla-
tion system (Machacek and Poldk, 2025). Whis-
per’s translation mode produces English text; the
present English-to-other-language directions there-
fore require a separate translation model (OpenAl,
2022). A streaming voice-activity detector com-
mits speech to the pipeline: an utterance closes
after 500 ms of silence, and an open buffer is force-
committed at 8 s. Each chunk contains up to 8 s
of source speech. Recognition, translation, speech
synthesis, and waiting for playback can add further
delay. The saved run records do not contain sepa-
rate ASR start and finish times, so the ASR share
of that delay was not measured.

Commercial cascade (Azure Speech Transla-
tion). Azure’s speech-translation service; the cas-
caded architecture is documented by the vendor
(Microsoft, 2026). Synthesis is emitted per final-
ized recognition segment, a commit-policy prop-
erty shared by deployed cascade products.

Open end-to-end (SeamlessStreaming). Seam-
lessStreaming (Seamless Communication et al.,
2023b,a) translates speech to speech directly, with
no committed text stage. The evaluated system is
the streaming RunPod run on a rented A100. The
model determines when to emit speech under its
streaming policy. Machine content lag is recon-
structed from client-side timing records under the
playback model described in Section 5.

Commercial speech-native API (gpt-realtime-
translate). A commercially available realtime
speech-translation API, generally available since
May 2026 at $0.034 per audio minute (OpenAl,
2026). We classify it as end-to-end from vendor
documentation; nothing in the comparison depends
on the label.

Operating-point selection. The documented de-
velopment sweeps used the first speech into French
to select the lowest-latency setting that did not
audibly damage output integrity. Azure Speech
Translation kept its default semantic segmenta-
tion (the silence-timeout alternative halved com-
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System Class (as labeled)

Components / access

Cost

Open-Cascade open cascade

Whisper-large-v3 — NLLB-200-1.3B — MMS-TTS

~9 GPU-h

(Piper for Italian); VAD commits: 500 ms close, 8 s cap;

local GPU
Azure Speech closed cascade Speech SDK TranslationRecognizer; neural-voice $0 billed; list
Translation (vendor-documented ASR  synthesis; accessed 2026-08-03-04 ~$18-36
— TrueText - MT —
TTS)
SeamlessStreaming open end-to-end SeamlessStreaming; client-side timing records; rented ~30 GPU-h
A100 (RunPod)
gpt-realtime- closed; end-to-end per realtime WebSocket API; accessed 2026-08-03 $0.034/min

vendor documentation
alone

translate

Table 1: The four machine systems: both architecture families in current use, each in open-weight and commercial
form. Closed-system class labels are vendor-attributed and hedged (see text).

mit lag but truncated mid-clause); gpt-realtime-
translate exposes no latency-relevant settings;
Open-Cascade selected 500 ms/8s. Settings and
development sweeps are reported in Appendix A.

Unified input and timing protocol. The same
source audio is pushed to each system as real-time-
paced raw audio samples (PCM); client-side mono-
tonic timestamps are recorded for every received
audio chunk and text event; latencies are reported
as distributions; each system’s quantization floor
(buffer size, segment-finalization granularity, delta
cadence) is disclosed alongside. All commercial
runs occurred on August 3—4, 2026, to bound ver-
sion drift.

5 Measurement Protocol

The protocol measures at two layers: a compari-
son layer (Layer A), for all human renditions and
machine runs, and a diagnostic layer (Layer B),
computed from machine client-side event streams.
Figure 1 summarizes how recordings, transcrip-
tion, alignment, expert-rating validation and sys-
tem comparison connect.

Layer A (comparison): each full passage
is transcribed (faster-whisper large-v3), its sen-
tences aligned to the canonical source segments by
multilingual-embedding similarity under a mono-
tonic one-to-one dynamic program, and scored for
content lag (onset-to-onset on the source clock) and
content coverage. Matched source and target ex-
cerpts are scored using BLASER-2.0-QE on audio
and SONAR text similarity on transcripts.

Coverage is the share of the speech’s canoni-
cal source segments (460 across the four speeches,
108-121 each) that receive a retained alignment
to a target sentence; source segments without a
retained match at or above the similarity floor of

0.25 are counted as uncovered. Because each tar-
get sentence can match only one source segment,
a sentence combining content from several source
segments cannot give coverage credit to all of them
(App. A). The contributions of compression, re-
structuring and transcription error to the human—
machine coverage difference have not been quanti-
fied.

Transcription is needed despite the reference-
free metrics: it supplies sentence units for align-
ment and text for SONAR; audio-based BLASER
needs no transcript. Machine transcript times are
mapped from concatenated output audio to esti-
mated playback positions using client-side times-
tamps and a sequential playback model. Without
this remapping, machine content could appear to
precede its source. The reconstructed machine
lag has not been independently validated against
recorded live playback. Client-side records also
support the selection of machine excerpts.

Layer B (diagnostics): the machine event
streams provide time to first audio, output delay
relative to each system’s source timestamps, out-
put tail, and real-time factor, where the required
records are available. Expert ratings are available
only for human excerpts and are used to assess
the association of BLASER and SONAR scores
with expert judgment (Section 6.1). Every human—
machine comparison uses Layer A.

Alignment quality was hand-validated on com-
plete side-by-side walkthroughs of three renditions
per language before any downstream number was
computed. Throughout, the professional envelope
denotes the empirical distribution of per-rendition
values in the machine-matched human stratum of
Section 3; figures that display intervals show the
5th to 95th percentile of that distribution.

Every machine system completed all four pas-
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Evaluation inputs

Source speeches

Audio + source text segments

Human interpretations

Recordings from the experiment

Four machine systems

Translated audio + timing records

Layer A: human-machine comparison

Machine timing records

Audio arrival times; source M

Align transcripts to source

Transcribe full recordings

—» Match sentences in source order ——f

Use each sentence at most once
Minimum similarity: 0.25

Measures for both groups

Content lag: time between
source and target onsets
Coverage: % of source segments
with a retained match
Similarity: BLASER and SONAR

timestamps, where available

|

Prepare timing and excerpts

Estimate when audio chunks play
Assume sequential playback
Select corresponding excerpts
using available timing records

Score corresponding excerpts
—> Source and target excerpts
SONAR: score their transcripts
BLASER-2.0-QE: score their audio

Layer B: machine timing

Measures from timing records

l human excerpts only

Check against expert ratings
Compare BLASER and SONAR [~~~
scores with expert quality ratings

Compare humans and machines

Compare score distributions
Human group: audio-only input

Time until first output audio
Output delay from logged source times |«
Estimated playback after source ends
Elapsed run time / source duration
(Where the required records exist)

Expert ratings of human excerpts
Content « style  presentation

Solid arrows: data used in each step

Dashed arrow: expert-rating evidence
for BLASER and SONAR only

Figure 1: Evaluation workflow. Layer A compares human and machine interpretations using content lag, coverage
and excerpt similarity. Expert ratings of human excerpts provide validation evidence for BLASER and SONAR
(dashed arrow). Layer B reports timing measures derived from machine records.

sages in all five machine languages (20 runs per sys-
tem). The archived alignment files contain 286 hu-
man renditions, densest in French (176) with 20 to
44 per other language. The 20 runs per system are
not independent samples; every cross-system com-
parison is therefore paired within speech xlanguage
cells, and inference is conditional on these materi-
als.

6 Results

6.1 Validity of the Similarity Metrics (RQ1)

Before BLASER and SONAR are applied to ma-
chine output, their relation to expert judgment is
estimated on the excerpts the experts rated. The
3,016 blind ratings were matched to their excerpts,
and each criterion was regressed on each metric in
a cumulative-logit mixed model (ordinal: :clmm,
Laplace approximation, flexible thresholds) with
random intercepts for rater, interpreter, and excerpt
and language fixed effects. The excerpt intercept
accounts for ratings of the same excerpt: each met-
ric value attaches to one of 552 excerpts. Content
was designated the primary criterion in advance;
the remaining slopes are reported descriptively.
Both metrics showed their strongest estimated as-
sociation with content ratings, followed by presen-
tation and then style (Fig. 2): one SD of SONAR

text similarity multiplies the odds of a higher con-
tent rating by 1.66 (95% CI 1.48-1.87, likelihood-
ratio p < 10716), a higher presentation rating by
1.26, and a higher style rating by 1.11 (p = .017);
the audio-based BLASER-2.0-QE shows the same
shape (1.26, 1.15, and a style odds ratio of 1.04,
p = .37). The content slope is stable under leave-
one-language-out refits (OR 1.53-2.05, significant
in every refit); excerpt-level correlations are consis-
tent (content .40 vs. style .15).

Machine similarity claims below are interpreted
in relation to the content criterion; the study
does not provide validated machine measures of
style or presentation. The metric also resolves a
known quality contrast: human raters registered
a decrement of 0.13-0.22 points under degraded
telephone-band sound, and the primary metric sep-
arates the same conditions (A=.031, 95% CI [.005,
.057]); the contrast serves only to test metric reso-
lution, as the machine comparison uses full-band
audio. Finally, the two reference-free metrics agree
well across the 552 rated excerpts (p=.70): the two
encoders give correlated rankings of the human
renditions. We use SONAR as the primary similar-
ity measure because its estimated association with
expert content ratings is stronger.

This validity is established on human renditions;
its transfer to machine output is an explicit as-
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Figure 2: Criterion validation against 3,016 blind ex-
pert ratings: cumulative-logit mixed-model slope of
each rating criterion on each metric (rating ~ metric
+ Language + (1|Rater) + (1]interpreter) + (1|excerpt);
error bars 95% CI). Associations are strongest for con-
tent, weaker for presentation, and weakest for style
(BLASER: p = .37). This comparison supports the
use of similarity as a content-related measure.

sumption, not a demonstrated fact. Fluent hal-
lucinated content can escape a similarity metric
(Section 6.5), and machine scores above the hu-
man range are extrapolations on the validated axis.
Machine placements are therefore reported as sim-
ilarity percentiles within the human distribution,
never as expert-rated quality.

6.2 Placement in the Human Envelope (RQ2)

Figure 3 shows content lag on the horizontal axis,
against coverage (Section 5) on the vertical. In the
machine-matched ARI-HQ stratum, interpreters
have a median content lag of 3.2 s and median mea-
sured coverage of 75%, with unmatched segments
potentially reflecting compression, restructuring,
actual omissions, or transcription and alignment er-
ror (Section 6.5). On these materials every machine
system has measured coverage at or above the pro-
fessional median (medians 83%-94% vs. human
75%); coverage, however, rewards literal retention
(Section 6.4) and is therefore not a claim of bet-
ter interpreting. Only gpt-realtime-translate
delivers its coverage in human time.

On the calibrated similarity axis (Section 6.1),
gpt-realtime-translate’s window similarity
sits at the 90th—100th percentile of the human simi-
larity distribution and Azure Speech Translation’s
at the 100th; placements above the human max-
imum are extrapolations. Percentiles are capped
at the 100th percentile and therefore cannot sep-
arate values above the human maximum. Equal
percentile placements do not imply equal raw simi-
larity; Table 2 reports raw similarity separately by
language.

6.3 Temporal Behavior (RQ3)

The four systems have median content lags (gpt-
realtime-translate 5.3 s, Azure Speech Trans-
lation 25.7s, SeamlessStreaming 39.9s, Open-
Cascade 40.5 s) against the human 3.2 s (Fig. 5).
SeamlessStreaming was evaluated in its stream-
ing RunPod configuration on a rented A100; its
content-lag values are playback-model estimates
(App. A). Distributional distances from the ARI-
HQ human lag distribution (n = 71 per-rendition
medians) are large for every system except gpt-
realtime-translate: the 1-Wasserstein distance,
the average shift in seconds needed to match a sys-
tem’s lag distribution to the human one, is 2.5
for gpt-realtime-translate, 25.6s for Azure
Speech Translation, 48.1 s for SeamlessStreaming,
and 33.5s for Open-Cascade; the Kolmogorov-
Smirnov distance, the largest gap between the two
cumulative distributions, is > 0.94 for every system.
Only gpt-realtime-translate overlaps the hu-
man band and sits systematically on the slow shoul-
der of the human distribution.

The event streams provide system-specific tim-
ing diagnostics: Azure Speech Translation commits
quickly once its recognizer closes a segment (me-
dian 1.3 s commit-to-audio) but waits for semantic
segment boundaries (~7 s units) and then queues
synthesized audio behind earlier playback; Open-
Cascade’s median per-commit processing delay is
2.6 s (the 8 s cap limits source buffering, not pro-
cessing or playback delay) but its synthesis speaks
at nearly the source’s pace, so playback debt com-
pounds across the passage; SeamlessStreaming’s
timing depends on the model’s emission decisions
and computation time (App. A). These processes
may contribute to the wide per-run spread of the
three slower systems (IQRs spanning tens of sec-
onds): lag accumulates with each speech’s density
and pause structure. gpt-realtime-translate,
which streams continuous ~200 ms audio deltas in-
stead of queuing synthesized segments, is the only
system whose per-run lags concentrate near a sta-
ble value. Human per-rendition median lags have a
narrow interquartile range (2.6-3.5 s) across these
10.5-minute passages. This between-rendition pat-
tern does not directly establish how lag is regulated
within a passage.

On these materials, the fastest system com-
bines relatively low content lag with high mea-
sured segment coverage and source similarity. This
comparison does not establish a causal quality—
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Figure 3: Content lag versus content coverage, per rendition/run. Each gray point is one professional interpreter’s
full-passage rendition (ARI-HQ stratum); colored points are machine runs (one per speech xlanguage). Content
lag is onset-to-onset on the source clock: for humans, directly from the alignment; for machines, transcript times
are first mapped from concatenated output audio to their queue-model playback position. Lags >59 s drawn at the

frame edge.

fr de es it ru
Humans (ARI-HQ) 0.67 0.57 0.67 0.58 0.62
gpt-realtime-translate 0.75 0.74 0.73 0.72 0.65
Azure Speech Translation 0.82 0.82 0.85 0.86 0.83
SeamlessStreaming 0.65 0.65 0.76 0.71 0.63
Open-Cascade 0.76 0.73 0.80 = 0.74

Table 2: Per-language content similarity to source windows (SONAR text cosine, median over rated windows);
the human row is the machine-matched stratum (audio-only, full-band sound; ARI-HQ). Most machine-language
medians meet or exceed the corresponding human median; source similarity can penalize professional compression
and does not establish interpreting quality. “Italian Open-Cascade windows were not scored (runs completed

post-freeze, Section 4); their run-level lag and coverage are included in all analyses.
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Figure 4: Human SONAR-similarity distributions per
language (5-95%, ARI-HQ) with machine medians.

latency trade-off. Paired coverage differences be-
tween systems span 1 to 6 points across the 20
speechxlanguage cells (cell-level paired differ-
ences resampled with replacement, 2,000 repli-
cates, percentile intervals), with intervals crossing
zero for every pair, so the data establish neither an
ordering nor equivalence, and both commercial sys-
tems place at the envelope top despite a five-fold
lag difference.

humans
med 3.2 s
oo OpenAl 5.3 s
® valp Azure 257 s
s | Cascaded(®5 s
I I I I I I I
0 10 20 30 40 50 60

content lag vs. source (s)

Figure 5: Content lag on the source clock: human den-
sity (per-rendition medians, machine-matched ARI-HQ
stratum, n = 71) with per-run machine values. Machine
transcript times remapped to the source clock (App. A).

6.4 Stability, Cost, and the Human Scale

Figure 4 illustrates that higher source similarity can
reflect greater literal retention. The measure does
not distinguish professional compression from con-
tent loss or measurement error, so its values do not
constitute an overall quality ranking. Costs: gpt-
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nruns content lag coverage first audio tail similarity pctile
Humans (ARI-HQ) 71¢ 3.25[2.6-3.55] 75% - - (envelope)
gpt-realtime-translate 20 5.3s 86% 0.8s 6.5s 90th—100th
SeamlessStreaming 20 39.9¢¢ 94% 5.1s 56.5s 96th (IQR 33-100)
Azure Speech Translation 20 25.7s 88% 13.8s 30.2s 100th
Open-Cascade 20° 40.5s 83% 1245 54.2s 100th (IQR 45-100)

Table 3: Main comparison. Lag, coverage and timing entries summarize runs or renditions; similarity percentiles
summarize excerpt scores. Content lag = source-to-target onset delay on the source clock, reconstructed for
machines; coverage = share of source segments with a retained alignment; similarity pctile = placement of window
SONAR similarity in the ARI-HQ human distribution (the content-anchored proxy of Section 6.1; values above
the human range are extrapolations). “renditions in the machine-matched stratum (audio-only, full-band sound;
ARI-HQ), of 286 aligned across all strata. *Italian runs completed post-freeze via the repaired Piper voice and are
included (App. A). “streaming run on a rented A100 (RunPod).

Source (opening): “Without further ado, let’s get started.
Firstly, I’d like to welcome you all to what promises to be
areally interesting discussion...”

SeamlessStreaming: “Sans plus de douille, on com-
mence. Premierement, j’aimerais vous accueillir dans
ce que promet d’étre des sites intéressants ...”

Source (final words): “. .. Well, firstly, thank you for hav-
ing me, of course.” [interview continues to cutoff]
gpt-realtime-translate: “...Je vous remercie d’avoir
écouté certe vidéo . .. espere que vous aurez apprécié cette
vidéo. Merci 2 tous. A bientdt.”

Figure 6: Orthogonal failure modes (both ARI-4,
French). Top: SeamlessStreaming commits before dis-
ambiguating context arrives; “without further ado” be-
comes the nonsensical sans plus de douille (“douille” =
cartridge casing). Bottom: gpt-realtime-translate
invents a complete video-outro that has no counterpart
in the source when the input trails off. The output is
fluent, polite, and entirely hallucinated.

realtime-translate cost $7.25 at $0.034/min;
Azure Speech Translation $0 billed (free-tier cred-
its; list-price equivalent ~$18-36 for both sweeps);
the open systems cost GPU time (/=29 GPU-h, ~30
GPU-h), SeamlessStreaming requiring datacenter-
class compute to approach real time (Section 6.3).

6.5 Qualitative Failure Modes

SeamlessStreaming commits foo early on par-
tial context, which surfaces as broken lexical
choices an expert would score under content. gpt-
realtime-translate hallucinates: it completes
too fluently at the end of input, producing confident
invented content that a similarity metric barely pe-
nalizes (its full-passage SONAR cosine is higher
than SeamlessStreaming’s, 0.85 vs. 0.78). Neither
similarity placement nor criterion calibration reli-
ably detects the hallucinated outro; only manual
source-output inspection revealed it. Both failures
were found by listening to runs and inspecting tran-
scripts against the source during alignment vali-

dation; no exhaustive hallucination census across
all eighty runs was performed, so the frequency of
such events is unknown (Limitations).

7 Discussion

Timing differences at the tested operating points.
The SimulST literature treats latency as a control-
lable policy parameter: wait-k policies trade qual-
ity against a chosen delay (Ma et al., 2019), learned
read-write policies make that trade adaptive (Seam-
less Communication et al., 2023b), and the average-
lagging metric family scores exactly this trade (Ma
et al., 2019; Papi et al., 2022). All paired bootstrap
intervals for coverage cross zero, establishing nei-
ther an ordering nor equivalence (Section 6.3). The
commercial systems differ approximately five-fold
in median lag while both occupy the upper end of
the human similarity distribution; the capped per-
centiles cannot quantify their similarity difference.
The timing records identify candidate contributors
to these differences: semantic-segment closure and
synthesis queuing for the cascades, computational
demands for the open speech-native model, and
continuous ~200 ms emission for the commercial
speech-native system. Cherry and Foster (2019)
argued that average-lagging values are not compa-
rable across systems with different commitment
behavior; at passage scale, the comparable quan-
tity is the listener-experienced lag distribution on a
shared source clock.

Computation and passage-scale latency. Papi
et al. (2025) showed that reported SimulST per-
formance degrades substantially once computation
and realistic long-form input enter the clock. For
speech-to-speech systems, content-lag estimates
depend on both output-emission decisions and
the computation required on the reported hard-
ware (Section 6.3). Latency claims must there-
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fore report hardware and compute budgets. Our
content-lag measure extends the resegmentation
move of StreamLLAAL (Papi et al., 2024) to speech-
to-speech with no committed text on either side,
allowing one instrument to score humans, open
models, and closed services.

Hallucination and over-generation at passage
scale. LAAL exists because over-generation
gamed average lagging at sentence scale (Papi et al.,
2022). Two passage-scale analogues appear here.
First, machine coverage near 90% against the pro-
fessional 75% does not establish superior interpret-
ing. Greater literal retention is one possible expla-
nation, but coverage alone cannot distinguish use-
ful compression, substantive omissions, and tran-
scription or alignment error. Second, the invented
outro (Fig. 6) is over-generation at the input bound-
ary, and it exposes the metric consequence: embed-
ding similarity (Duquenne et al., 2023; Chen et al.,
2023) rewards fluent topical continuation, so the
hallucinated ending outscores a faithful but frag-
mented alternative. Quality-estimation metrics in-
herit the norms of the judgments they are trained on
(Rei et al., 2020, 2022), and those norms are trans-
lation adequacy, not interpreting: they read strategy
as loss and invention as adequacy. This supports
delivery-aware, multimodal evaluation with access
to prosody, seams, and timing. For presentation,
candidate indicators include pause distributions,
articulation rate, pitch variation, and audible repeti-
tions or synthesis boundaries, measured from deliv-
ered audio. For style, transcript-based assessments
could examine register and idiomatic expression.
These indicators would require validation against
the corresponding expert ratings, followed by test-
ing on rated machine excerpts; none is treated here
as an established substitute for those judgments.
The human reference has a median lag of 3.2
(IQR 2.6-3.5 s across rendition medians). Audible
boundaries in segment-committed synthesis war-
rant direct assessment under presentation.

What would move each architecture into the
envelope. The timing diagnostics (Section 6.3)
suggest engineering changes to test. The cascades’
latency floor is set by segment closure plus synthe-
sis at speech pace; newer cascades with an LLM
translation stage (Grigoryan et al., 2026) warrant
comparison, but this study does not measure their
similarity or latency. Time-aware synthesis (TTS
that accepts a duration target) and sub-segment
commitment are the levers. For open speech-native

systems, emission policy and computational capac-
ity should be evaluated together. That the only
system inside the human band streams continuous
audio deltas suggests commit granularity, not archi-
tecture family, is the operative variable, a hypoth-
esis the next system generation can test. Expert
panels judging deployed systems (World Health
Organization, 2025; Matsushita, 2026) reported
the same tens-of-seconds lag scale our instruments
measured; the one in-band system shows such ver-
dicts are policy-specific, not generic.

A recipe for human-anchored evaluation of ma-
chine interpreting. Applying the protocol else-
where involves five steps: (1) reuse or obtain a
rated human corpus for the register; (2) validate
candidate reference-free metrics per rating crite-
rion against its ratings, keeping only the criteria
they align with; (3) run every system on the same
passages as real-time-paced audio, logging client-
side events; (4) apply the scoring protocol to hu-
mans and machines and quantify transcription and
timing-estimator differences; (5) report placements
in the human distribution with paired contrasts. Hu-
man calibration can be reused within a corpus, but
transfer to new machine outputs requires checks
for system-specific failure modes.

Future work. The corpus supports three exten-
sions: blind expert ratings of stratified machine ex-
cerpts to test transfer of criterion validity; listener
studies of audience comprehension and listening
effort under matched conditions; and mechanistic
analysis of the open systems, whose attention states
are observable during inference.

8 Conclusion

We compared four machine simultaneous-
interpreting systems with the professional ref-
erence distribution: human renditions of the same
discourse, with automatic metrics assessed against
3,016 blind expert ratings of 552 excerpts from
69 interpreters. The metrics were most strongly
associated with content judgments. Machine out-
puts attained similarity scores within or above
the human range and higher measured segment
coverage, but all four systems had longer median
content lag; only gpt-realtime-translate ap-
proached professional timing. Higher coverage
does not establish better interpreting, because the
measure can penalize compression and is sensitive
to transcription and alignment error. The protocol
supports reproducible comparison against a profes-
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sional reference, while the validity of its similarity
measures on machine output remains to be tested
with expert ratings.

Limitations

Vendor and architecture confounds. The com-
mercial pair differs in vendor, training data, voices,
and endpointing. That contrast is descriptive only;
no architecture or openness main effect is claimed.
Closed-system architecture labels rest on vendor
documentation: gpt-realtime-translate’s tran-
script streams mean an internal text stage cannot
be excluded from outside; systems can instead be
grouped by observable commit behavior (continu-
ous audio deltas versus segment-finalized synthe-
sis) without changing measurement. Both commer-
cial arms are dated snapshots (August 3—4, 2026;
model strings in App. A) and may not replicate
after vendor updates.

Hardware dependence. The evaluated natural
SeamlessStreaming rerun used a rented A100. Its
reported latency characterizes that configuration
and hardware and is not a lower bound for the ar-
chitecture. Open-Cascade’s Italian runs completed
after the operating-point freeze via a repaired TTS
voice and are included (App. A). Machine content
lag is reconstructed from client-side timestamps
under a sequential playback model and has not
been independently validated against recorded live
playback.

Materials and cohort. Four speeches, one reg-
ister (prepared conference roundtable), one source
language (English), five target languages; the 20
runs per system are those four speeches crossed
with five languages, so all conclusions are con-
ditional on these materials and none generalizes
beyond this register without new data. The enve-
lope is densest in French (45 interpreters vs. 5-11
elsewhere), so per-language placements outside
French carry wide intervals. ASR errors may dif-
fer between live interpreter speech and synthesized
machine speech, affecting both text similarity and
alignment-based coverage. The audio metric and
alignment hand-validation do not quantify or cor-
rect this possible asymmetry. Restructured rendi-
tions can also register spurious omissions. The
contribution of transcription and alignment error to
the observed human—machine gap remains unquan-
tified.

Transfer of criterion validity. Expert ratings
cover human renditions only; no machine output

was rated. Criterion validity is therefore established
on human speech and transferred to machine out-
put, and machine scores above the human range
are extrapolation on the validated axis. The in-
vented outro of Section 6.5 shows the failure con-
cretely: fluent hallucination is barely penalized by
the proxy, and no systematic hallucination census
across the eighty runs was performed, so the fre-
quency of such events is unknown. The machines’
fragment prosody and seam repetitions fall pre-
cisely on the unmeasured style and presentation
criteria. Blind expert ratings of a stratified sam-
ple of machine windows are needed to test trans-
fer. The open cascade is the reproducible baseline
specified in Section 4. Its results characterize that
configuration and hardware and do not establish
the performance of more recent or faster cascades.
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A Reproducibility

Open-arm models and pins. ASR openai/
whisper-large-v3; MT facebook/nllb-200-
distilled-1.3B; TTS facebook/mms-tts-
{fra,deu,spa,rus}, with Italian synthesis via
the Piper voice it_IT-paola-medium because
facebook/mms-tts-ita was withdrawn from
the HuggingFace Hub during the study window
(verified 2026-08-03 against the canonical repo,
mirrors, and CDN). SeamlessStreaming ran the
uniform SeamlessStreamingS2STAgent with
vocoder_v2 in all five languages; SeamlessEx-
pressive/PRETSSEL was not used (no Russian
support), and every manifest records the effective

agent, asserted uniform before pooling. Software
pins: torch==2.2.2+cul121, transformers==4.
49.0, silero-vad==6.2.1, simuleval==1.1.4,
faster-whisper (large-v3) for all transcription.
Open-Cascade ran on NVIDIA Titan RTX hard-
ware with fp16 inference and real-time-paced input.
The evaluated natural SeamlessStreaming rerun
used a rented A100, as described in Section 4.

Operating-point sweeps (dev speech ARI_1—fr).
Cascade, 2026-08-04: {silence 300/500ms} x
{cap 8/12s} — 500ms/8s selected (median per-
commit lag 3.2/3.3/2.7s and max 10.3/6.4/4.4s
for baseline/sil300/cap8). Azure segmenta-
tion: semantic default vs. Speech_Segmentation
SilenceTimeoutMs=300 (median source segment
6.9—3.8s, translated words 1657— 1683, audibly
degraded delivery); default retained, the alternative
sweep archived as a latency—integrity trade-off.

Commercial access. gpt-realtime-
translate accessed 2026-08-03; Azure Speech
Translation in eastus; Speech SDK Translation
Recognizer; voices de-DE-KatjaNeural, es-
ES-ElviraNeural, fr-FR-DeniseNeural, it-IT-
ElsaNeural, ru-RU-SvetlanaNeural, accessed 2026-
08-03-04. All commercial runs in a single dated
window (August 3—4, 2026). Costs: $7.25 (gpt-
realtime-translate, list price $0.034/min); $0
billed (free-tier credits; list-price equivalent ~$18—
36 for both sweeps) (Azure Speech Translation);
open arms ~9 GPU-h and ~30 GPU-h of cluster
GPU time. Code, run manifests, processed align-
ment tables, and analysis scripts will be released
on publication; rendition audio and ratings remain
under the original consent terms and are available
through the source experiment’s controlled access
route. Released commercial-service outputs carry
the usage note “commercial-service outputs: not
for training competing models.”

Inclusion and validation. Master inclusion ta-
ble: 74 of 78 recorded participants included; PF40
(no usable audio), PF30 (dropped in the origi-
nal quality evaluation), PX19 (two trials), PX20
(withdrew) excluded (Section 3). Alignment hand-
validation: complete side-by-side walkthroughs
of three renditions per language reviewed before
scoring; the automatic alignment matches individ-
ual source and target segments one-to-one, SO a
target segment expressing content from multiple
source segments does not automatically credit ev-
ery source segment. Coverage counts a canoni-
cal source segment as matched when a retained
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one-to-one alignment links it to a target sentence
at similarity > 0.25 under the monotonic pro-
gram; the four speeches contain 460 canonical seg-
ments (108-121 per speech). Latency quantiza-
tion floors: gpt-realtime-translate ~200ms
audio deltas; Azure Speech Translation segment-
finalized synthesis; Open-Cascade VAD-commit
units (500 ms/8 s); SeamlessStreaming 320 ms in-
put blocks.

Interpreting the SONAR coefficient on the rat-
ing scale. We calculated expected content ratings
from the fitted cumulative-logit model by weight-
ing the seven response categories by their predicted
probabilities. We compared SONAR at its pooled
mean with one SD above that mean, retained the
language fixed effects, and integrated over the es-
timated Gaussian random-intercept distributions
for rater, interpreter and excerpt. Averaging the
language-specific changes in proportion to their
numbers of ratings gave 0.23 points (0.22-0.27
across languages). The reported range is variation
across languages, not a confidence interval.
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