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Abstract

We present TagSpeech, a unified LLM-based
framework that utilizes Temporal Anchor
Grounding for joint multi-speaker ASR and
diarization. The framework is built on two key
designs: (1) decoupled semantic and speaker
streams fine-tuned via Serialized Output Train-
ing (SOT) to learn turn-taking dynamics; and
(2) an interleaved time anchor mechanism that
not only supports fine-grained timestamp pre-
diction but also acts as a synchronization signal
between semantic understanding and speaker
tracking. Compared to previous works that pri-
marily focus on speaker-attributed ASR or im-
plicit diarization, TagSpeech addresses the chal-
lenge of fine-grained speaker–content align-
ment and explicitly models who spoke what
and when in an end-to-end manner. Exper-
iments on AMI and AliMeeting benchmarks
demonstrate that our method achieves consis-
tent improvements in Diarization Error Rate
(DER) over strong end-to-end baselines, in-
cluding Qwen-Omni and Gemini, particularly
in handling complex speech overlaps. More-
over, TagSpeech employs a parameter-efficient
training paradigm in which the LLM backbone
is frozen and only lightweight projectors are
trained, resulting in strong performance with
low computational cost1.

1 Introduction

Human communication frequently involves multi-
ple speakers, overlapping speech, and rapid turn-
taking. Consequently, applications like meeting
transcription require not only recognizing what
was said, but also identifying "who spoke what
and when." This motivates a unified framework
for joint automatic speech recognition (ASR) and
speaker diarization with high temporal precision,
as illustrated in Figure 1.

1Code, model and demo are available at https://github.
com/AudenAI/Auden/tree/main/examples/tagspeech
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Figure 1: Comparison between a conventional cascaded
pipeline (top) and our end-to-end framework TagSpeech
(bottom) for multi-speaker speech processing.

Task Definition and Disambiguation. With the
emergence of Large-Audio Language Models
(LALMs), LLM-based architectures have become
a natural choice for unified multi-speaker model-
ing, enabling contextual reasoning in challenging
conditions and speaker-attributed generation within
a single decoding process.

However, a critical ambiguity persists in recent
literature regarding what constitutes “joint ASR
and diarization.” As summarized in Table 1, several
methods, including SpeakerLM (Yin et al., 2025)
and JEDIS-LLM (Shi et al., 2025), term their task
"diarization" yet primarily address who said what,
omitting explicit start and end timestamps. Al-
though effective for speaker-attributed ASR, such

41847

https://github.com/AudenAI/Auden/tree/main/examples/tagspeech
https://github.com/AudenAI/Auden/tree/main/examples/tagspeech


Recent Work on Multi-speaker ASR & Diarization Use LLM Transcription Speaker Timestamp

Pyannote (Plaquet and Bredin, 2023), Cheng et al. (2025) No ✗ ✓ ✓

Sortformer(Park et al., 2025); Meta-CAT (Wang et al., 2025b);
DNCASR (Zheng et al., 2025)

No ✓ ✓ ✗

SpeakerLM (Yin et al., 2025); JEDIS-LLM (Shi et al., 2025) Yes ✓ ✓ ✗

MT-LLM (Meng et al., 2025) Yes ✓ ✗ ✗

DiarizationLM (Wang et al., 2024) * post-processing only Yes ✗ ✗ ✗

TagSpeech (Ours) Yes ✓ ✓ ✓

Table 1: Comparison of recent works by explicit outputs. While several approaches are described as joint ASR and
diarization systems, diarization is often realized as speaker-attributed transcription without explicit timestamps. Our
work addresses all three aspects explicitly.

omission prevents evaluation via standard metrics
like Diarization Error Rate (DER; Anguera et al.,
2012), thereby limiting their applicability to tasks
requiring precise speech–text alignment.

In contrast, we define the task as the explicit
prediction of transcription (what), speaker label
(who), and precise timestamps (when), enabling
a truly unified formulation of multi-speaker ASR
and diarization.

Challenge. While recent advances in LLMs and
the emergence of LALMs have made unified de-
coding with strong semantic understanding increas-
ingly feasible (Comanici et al., 2025; Xu et al.,
2025a,b), extending these models to multi-talker
speech understanding with explicit timestamp pre-
diction remains an open challenge. In particular,
existing approaches often fail to produce accurate
transcriptions or localize time boundaries in over-
lapping regions. We attribute this failure to two
fundamental misalignments: (1) there is a granu-
larity mismatch between continuous, millisecond-
resolution speech signals and discrete, high-level
semantic tokens, making fine-grained temporal in-
ference unreliable without explicit cues; and (2)
semantic continuity and speaker changes are often
misaligned; encoding them jointly entangles repre-
sentations and makes it difficult to separate "who
spoke" from "what was said."

Contributions. Motivated by these gaps, we de-
sign a framework that jointly addresses semantic
modeling, speaker attribution, and fine-grained tem-
poral grounding. We summarize our contributions
as follows:

• We present a fully end-to-end model, directly
mapping waveforms to structured, speaker-
attributed outputs with precise timestamps.

• We introduce a lightweight interleaved nu-
meric anchor mechanism that enables fine-
grained temporal grounding and aligns the de-
coupled semantic and speaker streams, with-
out modifying the LLM architecture.

• Experimental results demonstrate that our
model achieves substantial reductions in di-
arization error rate over strong end-to-end
baselines, including Gemini-2.0, Qwen2.5-
Omni-7B, and Qwen3-Omni-30B, with ap-
proximately 28% relative improvement on
AMI and 36% on AliMeeting, while maintain-
ing robust recognition performance. Notably,
TagSpeech achieves these gains with high ef-
ficiency: we train only lightweight projectors
while keeping the LLM backbone frozen and
the semantic encoder fine-tuned via SOT.

2 Related Work

2.1 Towards Unified Multi-speaker Modeling

As shown in Figure 1, early multi-speaker model-
ing systems relied on cascaded pipelines with voice
activity detection (VAD), speech separation, ASR,
and diarization, leading to error propagation and
heuristic fusion.

With the advent of deep learning, end-to-end
modeling emerged to partially unify these objec-
tives. End-to-End Neural Diarization (EEND, Fu-
jita et al., 2019; Horiguchi et al., 2020) formulates
diarization as a frame-level multi-label classifica-
tion problem, directly modeling who spoke when.
In contrast, Permutation Invariant Training (PIT, Yu
et al., 2017; Qian et al., 2018) addresses multi-
speaker speech recognition by optimizing ASR loss
over all output permutations, resolving the label
permutation problem, but does not explicitly model
speaker identity. Related efforts have further uni-
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fied source separation with ASR (Seki et al., 2018),
or source separation with diarization (Kalda et al.,
2024), within end-to-end frameworks to improve
robustness. More recently, Serialized Output Train-
ing (SOT, Kanda et al., 2020) was introduced to
convert overlapping speech into a single serialized
sequence with explicit speaker change markers, en-
abling effective speaker-attributed ASR. Based on
this paradigm, Transcribe-to-Diarize (Kanda et al.,
2022) derives diarization results implicitly from
such serialized, speaker-attributed transcriptions.
While SOT originally targets multi-speaker ASR,
later works reuse it as a training strategy to inject
overlap awareness into models (Li et al., 2024).
Furthermore, recent LLM-based approaches have
extended the SOT paradigm by training power-
ful decoders to directly generate SOT-style multi-
speaker transcriptions (Shi et al., 2024).

Although SOT effectively handles overlapping
recognition, attempts to further consolidate diariza-
tion and ASR into fully unified framework often
compromise on the end-to-end principle. For in-
stance, UME (Shakeel et al., 2025) employs a multi-
branch architecture that requires separate decoders
for each task. Similarly, Saengthong et al. (2025)
and Lin et al. (2025) depend on external clustering
modules or pre-computed diarization timestamps
to maintain global speaker consistency.

However, as summarized in Table 1, most of
these models (e.g., SpeakerLM Yin et al., 2025,
JEDIS-LLM Shi et al., 2025) stop at speaker-
attributed transcription. Their lack of explicit tem-
poral grounding precludes their evaluation on stan-
dard DER benchmarks and distinguishes them from
our fully end-to-end framework that jointly models
content, speaker identity, and timestamps.

2.2 LALMs and Temporal Awareness
Building on efforts toward unified multi-modality
understanding, recent work has explored LALMs
that combine a speech encoder, a lightweight
projector, and a backbone LLM as a promising
paradigm. Prior work has shown strong perfor-
mance in ASR (Yu et al., 2024; Ma et al., 2024; Shi
et al., 2024) and paralinguistic understanding (Huo
et al., 2025). Notably, their effectiveness largely
depends on the encoder, which determines the qual-
ity of acoustic representations provided to LLM.
Recent studies show that encoder-side optimization
yields better efficiency and scalability (Mu et al.,
2025) than fine-tuning the LLM.

However, a critical gap persists in LALMs: these

models lack intrinsic mechanisms to ground con-
tinuous speech frames to fine-grained, absolute
timestamps required for diarization. Valuable in-
sights into bridging this gap emerge from Video-
LLMs (Chen et al., 2024; Guo et al., 2025). Re-
cently, Zhang et al. (2025) empirically demon-
strated that simple interleaved textual timestamps
(e.g., "1s", "2s") significantly outperform com-
plex embedding schemes (e.g., MRoPE Bai et al.,
2025b) or visual overlays for temporal modeling.
This textual alignment strategy has been further val-
idated by state-of-the-art models such as Qwen3-
VL (Bai et al., 2025a), but these findings have not
yet been evaluated on speech tasks with rapid, over-
lapping turn-taking.

In the audio domain, methods such as
FLAM (Wu et al., 2025) and TimeAudio (Wang
et al., 2025a) approach temporal localization for
sound events by introducing frame-level alignment
modules, or specialized time tokens (e.g., <0.05s>)
in addition to absolute time-aware encoding mod-
ules to force alignment. While effective for sound
event captioning and question-answering, such de-
signs incur high architectural cost from vocabu-
lary expansion and do not readily generalize to
fine-grained, speaker-level temporal modeling in
real-world multi-speaker conversations.

Overall, prior work highlights the need for a
lightweight temporal grounding strategy that pre-
serves LLMs’ textual reasoning without heavy ar-
chitectural changes, a gap we aim to fill.

3 Method

3.1 Problem Formulation

Our goal is to learn a mapping from a raw in-
put waveform X to a structured sequence Y =
(y1, y2, . . . , yL), where each token yi belongs to a
vocabulary V encompassing semantic text, speaker
identifiers, and timestamp markers. As illustrated
in Figure 2, the proposed framework TagSpeech
consists of three key components: (1) a Dual-
Stream Encoder module for disentangled feature
extraction, (2) an Interleaved Time Anchor mech-
anism for temporal grounding, and (3) an LLM
backbone for unified reasoning.

3.2 Dual-Stream Disentangled Encoders

First, the raw waveform X is processed into Mel-
spectrogram features M ∈ RT×80. To explic-
itly decouple semantic content from speaker iden-
tity, we feed M into two parallel streams: the Se-
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Figure 2: Overview of TagSpeech, an end-to-end multi-speaker ASR and diarization framework. Dual encoders are
used, where the semantic encoder is fine-tuned via serialized output training (SOT, top-left dashed box). Speech
features are interleaved with time anchors for time-awareness and dual-stream synchronization (red dashed lines).
The framework generates a structured output, explicitly addressing who spoke what and when.

mantic Encoder and the Speaker Encoder, both
utilizing Zipformer structure (Yao et al., 2024).
This yields two distinct continuous representations:
Hsem,Hspk ∈ RT ′×Denc , where T ′ denotes the
number of downsampled temporal frames, and
Denc is the encoder hidden dimension.

Semantic Encoder with SOT Fine-tuning. Stan-
dard ASR encoders like Whisper (Radford et al.,
2023) inherently lack the capacity to model over-
lapping speech dynamics. To address this, we fine-
tune a pretrained ASR encoder on multi-speaker
ASR task using Serialized Output Training (Kanda
et al., 2020). Specifically, reference transcriptions
are reorganized into a chronological sequence de-
limited by a special speaker change token ⟨sc⟩.
This objective guides our semantic encoder to cap-
ture turn-taking patterns, thereby reducing the bur-
den on the downstream LLM in understanding over-
lapping speech. Empirical results in Section 4.5
demonstrate that this SOT fine-tuned encoder sub-
stantially outperforms standard ASR encoders.

Speaker Encoder. We use Auden-Voice (Huo
et al., 2025) as the speaker encoder. It is initialized
via multi-task pre-training on speaker identification,
gender, age, and emotion recognition, ensuring the
embeddings are discriminative for speaker tracking
while remaining invariant to linguistic content.

Projector. To align the continuous representa-
tions Hsem and Hspk with the LLM latent space,
we use two projectors (Psem, Pspk) to map them
into the LLM embedding dimension. Each projec-
tor consists of a two-layer Multi-Layer Perceptron
followed by a temporal downsampling layer with a
factor of k:

Ĥsem = Psem(Hsem), Ĥspk = Pspk(Hspk).

where Ĥsem, Ĥspk ∈ RL×DLLM and L = ⌈T ′/k⌉
denotes the reduced sequence length.

3.3 Interleaved Numeric Time Anchor
For fine-grained temporal awareness, we introduce
the Interleaved Numeric Time Anchor mechanism.
Let A ⊂ VLLM be a set of discrete numeric tokens
representing timestamps, i.e., "1", "2". We define a
function Fanc(·;m) that injects time anchors from
A into the feature sequence at a fixed interval of
m frames, including the start and end. Applying
this operation to both streams yields the temporal
grounded representations Zsem and Zspk:

Zsem = Fanc(Ĥsem;m), Zspk = Fanc(Ĥspk;m).

The resulting sequences Zsem,Zspk ∈ RL′×DLLM

have an extended length L′ = L+⌊L/m⌋+1 due to
the added anchors. Since Fanc is deterministic and
m is identical for both streams, the mechanism en-
forces explicit temporal synchronization between
the semantic and speaker streams. Compared to
approaches that rely on vocabulary expansion, our
design leverages the LLM’s inherent numerical rea-
soning, enabling efficient temporal grounding with-
out modifying the model vocabulary.

3.4 Structured Input–Output Alignment
We employ a token-efficient XML-style format to
structure both the model input and target genera-
tion. As illustrated in Figure 2, we sandwich the
input streams with XML tags (i.e., <text>, <spk>,
tokenized into Etag) as follows:

Xin = [Etag,Zsem,Etag,Zspk,Etag]

This design has two advantages: (1) it leverages
the LLM’s pre-trained ability to parse XML-style
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Model AMI-SDM (English) AliMeeting-Far (Mandarin)

Fail Rate ⋆ ↓ DER ↓ cpWER ↓ gWER ↓ SCA ↑ Fail Rate ↓ DER ↓ cpCER ↓ gCER ↓ SCA ↑
End-to-End Baselines
Gemini-2.0-flash † 2.11 45.16 36.24 29.86 56.19 31.90 50.35 59.02 47.97 51.14
Qwen2.5-Omni-7B 4.07 34.71 49.86 32.25 60.06 6.40 37.42 41.23 24.44 71.12
Qwen3-Omni-30B-A3B-Instruct 2.15 39.06 38.83 33.61 59.35 0.39 34.60 33.69 27.69 70.20

Cascade Baseline
Pyannote 3.1 + Whisper-large-v3 4.60 23.05 43.57 35.95 51.43 2.52 26.13 46.56 39.55 60.68

TagSpeech (Ours) 1.27 24.84 42.55 31.62 70.01 3.04 22.13 33.84 25.42 81.63
⋆ Fail Rate denotes the proportion of unparseable outputs (e.g., formatting errors or hallucinations). Other metrics are computed based on successful trials.
† Chosen over Gemini-2.5/3.0-pro for less frequent recursive hallucination loops, see Appendix A.3.

Table 2: Main results on AMI and AliMeeting. All metrics are reported in percentage (%). TagSpeech significantly
outperforms all end-to-end baselines in diarization performance, while maintaining robust word error rates.

structures, avoiding any vocabulary expansion or
tokenizer modification. (2) It enforces a consis-
tent structure between input and output represen-
tations: the semantic stream Zsem is aligned with
the generated transcription and timestamps, while
the speaker stream Zspk is aligned with speaker
identity and timestamps. By making this corre-
spondence explicit through shared tags, the model
is guided to perform fine-grained alignment across
content, speaker, and time during generation.

3.5 Training Objective

The target sequence Y mirrors the decoupled XML
input structure to maintain structural consistency.
The model is optimized via the standard autoregres-
sive negative log-likelihood:

L = −
|Y|∑

t=1

logP (yt | y<t,Xin; Θ).

where Θ denotes the trainable parameters. We
adopt a parameter-efficient training paradigm
in which the LLM backbone (Qwen2.5-Instruct-
7B, Qwen Team, 2024), the SOT fine-tuned se-
mantic encoder, and the speaker encoder are kept
frozen, and only the two projectors are trained.

4 Experiments and Results

4.1 Datasets

We train and evaluate TagSpeech on two meeting
benchmarks: AMI (English, Carletta et al., 2005)
and AliMeeting (Mandarin, Yu et al., 2022). Both
datasets feature spontaneous multi-party conversa-
tions with complex room acoustics and frequent
overlapping speech. We adopt the most challeng-
ing far-field settings, using the Single Distant Mi-
crophone (SDM) subset for AMI and the far-field
subset for AliMeeting, taking the first channel from

the 8-channel recordings. All models are trained
and evaluated within each dataset.

Following prior works (Kanda et al., 2021;
Huang et al., 2023; Shi et al., 2024), we adopt
utterance-group data segmentation, where adja-
cent utterances with no duration gaps are treated as
one data sample, as illustrated in Figure 2.

4.2 Evaluation Metrics

Diarization Error Rate (DER). To evaluate "who
spoke when", we report DER with a strict 0 s collar,
capturing precise timestamp accuracy, with over-
lap region included. For a more comprehensive
comparison with existing benchmarks, we also pro-
vide DER results with a standard 0.25 s collar in
Appendix A.5.
Concatenated Minimum Permutation WER
(cpWER). To evaluate "who spoke what", cp-
WER (Watanabe et al., 2020) computes WER af-
ter concatenating each speaker’s utterances, and
finding the optimal assignment between predicted
and reference speakers. This metric penalizes both
recognition and speaker attribution errors.
Global WER (gWER). We also report gWER,
computed by concatenating all utterances chrono-
logically regardless of speaker identity, to isolate
semantic transcription quality.
Speaker Count Accuracy (SCA). SCA measures
whether the predicted number of speakers exactly
matches the ground truth.
Fail Rate. Fail Rate denotes the proportion of
samples where the model generates invalid or un-
parseable output, often due to formatting violations
or hallucination loops. High fail rate implies lower
reliability of other metrics due to survivor bias.

4.3 Main Results

Table 2 summarizes the performance of our model
compared to strong end-to-end and cascade base-
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Group Model Configuration Fail Rate ↓ DER↓ cpWER ↓ gWER ↓ SCA ↑
I. Architecture Single Encoder (WavLM Large)

- 1.1 last Layer 21.94 25.34 107.87 99.01 56.56
- 1.2 weighted sum 23.97 23.78 104.53 98.03 54.24

1.3 Single Encoder (Zipformer, SOT-FT) 1.23 30.94 43.82 32.68 68.54

II. Strategy 2.1 Dual Encoder: pretrained ASR 1.69 25.69 46.44 34.56 65.31
2.2 Dual Encoder: in-domain ASR-FT 1.73 23.04 43.62 33.57 66.94
2.3 Dual Encoder: in-domain SOT-FT (Ours) 1.27 24.84 42.55 31.62 70.01

Table 3: Ablation study of encoder design on AMI-SDM. Single-encoder variants (including WavLM-Large) suffer
from high fail rates and poor performance. Dual-encoder models perform significantly better, with an Serialized
Output Training (SOT) fine-tuned encoder achieving the best overall results under an identical speaker encoder.

lines. In particular, our model outperforms all
end-to-end systems in diarization error rates
(DER). On AliMeeting, TagSpeech further sur-
passes the cascade baseline based on Pyannote (Pla-
quet and Bredin, 2023), a system specifically opti-
mized for diarization, while on AMI it falls slightly
behind. This demonstrates the effectiveness of
our proposed time anchor mechanism in enhancing
fine-grained temporal understanding.

Furthermore, our approach achieves the high-
est speaker count accuracy among all evaluated
models, suggesting that the SOT fine-tuned se-
mantic encoder collaborates effectively with the
speaker encoder to detect speaker changes in multi-
party conversations. While our content recogni-
tion performance (cpWER/gWER) is not the best,
it remains consistently strong and reliable across
both languages, especially for Alimeeting that has
higher overlap ratio (30%–40%, Yu et al., 2022).

Finally, we observe a substantially lower failure
rate than larger end-to-end baselines, indicating
that for this unified modeling task, our carefully de-
signed input–output templates play a crucial role in
enhancing training stability. Despite being trained
separately on each dataset with at most 100 hours
of data and optimizing only lightweight projec-
tors, TagSpeech achieves competitive performance.
This result underscores not only the effectiveness of
our model design and training strategy but also its
data efficiency and generalizability. Appendix A.5
presents the full results grouped by duration and
speaker count.

4.4 Cross-lingual Generalization

To assess the robustness of our temporal ground-
ing mechanism, we conducted zero-shot cross-
dataset evaluations between AMI (English) and
AliMeeting (Mandarin). We observed that while
transcription collapses due to language shift (cp-

Model Fail⋆ ↓ DER↓ cpCER↓ gCER↓ SCA↑
Pretrained 5.76 18.02 30.82 21.32 78.52
ASR-FT 4.64 18.05 32.06 24.71 79.04
SOT-FT 3.04 16.12 25.99 19.61 82.73

⋆ Due to significantly varying fail rates, remaining metrics are computed only
on common successful samples to ensure fair comparison.

Table 4: Generalization of Semantic Encoder strategies
on AliMeeting. SOT-FT achieves the best performance.

WER >100%), diarization remains competitive
(DER around 20%), confirming that TagSpeech
learns language-agnostic representations for multi-
speaker temporal boundaries. Detailed results are
provided in Appendix A.4.

4.5 Ablation on Encoder Design

Is a dual-encoder architecture necessary? Is SOT
fine-tuning actually useful? To answer these two
questions, we conducted ablation studies on the
encoder design, as shown in Table 3.

In the top section, we analyze the impact of
using a single encoder. We experiment with
WavLM-Large (Chen et al., 2022), a strong and
well-balanced speech representation model that has
exposure to overlapped speech during pretraining.
Despite its strong reputation, using both its last-
layer output (1.1) and a weighted sum of all lay-
ers (1.2) lead to extremely high fail rates, making
downstream metrics superficially biased. Never-
theless, even when limited to successful samples,
WER and SCA metrics degrade significantly, indi-
cating a complete collapse in speaker attribution.
For comparison, we include our own encoder (1.3),
which shares the same architecture and SOT-FT
strategy as our final model but without the dual-
encoder design. While it greatly reduces the fail
rate and improves WER, diarization remains no-
ticeably worse, suggesting that a single encoder
struggles to maintain fine-grained temporal aware-

41852



1 2 4 8 16 32 inf
(Dense)           Time Anchor interval             (Sparse)

37.5

38.0

38.5

39.0

39.5
cp

W
ER

 (%
)

cpWER DER

20

22

24

26

DE
R 

(%
)

Figure 3: Impact of time anchor granularity reveals
a trade-off between temporal precision and semantic
coherence. Inserting at every 8 frames balances both
cpWER and DER.

ness. Furthermore, the results indicate that se-
mantic and speaker information interfere with one
another when mapped to a shared representation
space. Consequently, a dual-encoder architecture
is required to decouple these representations.

In the bottom section, we turn to the second ques-
tion: how should the semantic encoder be trained
to effectively support multi-speaker modeling? All
three rows share the same dual-encoder architec-
ture, differing only in how the semantic stream is
fine-tuned. Using an off-the-shelf ASR encoder
(2.1) yields modest gains over single-encoder base-
lines. Fine-tuning the semantic encoder on in-
domain ASR data with oracle single-speaker seg-
mentation (2.2) leads to clear improvements across
both DER and WER metrics. Our proposed method
(2.3) fine-tunes the semantic encoder with the same
in-domain data, but using Serialized Output Train-
ing (SOT) with multi-speaker utterance group
segmentation. This configuration achieves the best
overall performance.

Table 4 further validates the generalization of
SOT fine-tuning on AliMeeting (Mandarin), yield-
ing even larger gains in DER and WER, possibly
due to the dataset’s higher ratio of overlapping
speech. These results underscore the importance
of semantic pre-alignment for accurately captur-
ing speaker changes, and demonstrate that dual-
stream modeling benefits most when paired with
task-specific, turn-aware pretraining.

5 Analysis

5.1 DER and WER Trade-off
We explore how the granularity of inserting Nu-
meric Time Anchors affects diarization perfor-
mance by evaluating a range from dense (every
frame) to sparse (every 32 frames), as well as a

1 2 4 8 16 32 inf
(Dense)             Time Anchor interval               (Sparse)

0

6

12

18

24

DE
R 

(%
)

Miss False Alarm Confusion

Figure 4: The miss rate accounts for the dominant vari-
ation in DER across anchor intervals, indicating that
time anchors improve diarization primarily by reducing
missed speaker activity.

no-anchor baseline (infinite interval). With a frame
rate of 6.25 Hz, these correspond to physical time
intervals from 0.16 seconds to 5.12 seconds.

As illustrated in Figure 3, both DER and cpWER
follow a striking U-shaped pattern—revealing a
trade-off between temporal precision and se-
mantic coherence. At the dense end, performance
deteriorates sharply. Frequent anchors overload
the sequence with timing cues, disrupting the la-
tent structure of both semantic and speaker streams.
On the opposite end (interval ≥ 16), DER climbs
again, indicating that sparse anchors fail to provide
sufficient temporal grounding. In contrast, cpWER
improves due to reduced interference with semantic
flow, highlighting the competing needs of temporal
alignment and semantic coherency.

The sweet spot lies around 8, balancing both
metrics and suggesting that moderate anchor inser-
tion offers effective temporal grounding without
disrupting semantic coherence.

Figure 4 further breaks down DER into sub com-
ponents: Miss, False Alarm, and Confusion rates.
A clear trend emerges: missed speech is the domi-
nant source of diarization error across all settings,
and its impact grows sharply with sparse anchor
insertion, accounting for nearly the entire rise in
DER. Under the MeetEval evaluation protocol (von
Neumann et al., 2023), missed speech includes both
predicting silence during active speech and failing
to detect all speakers in overlapped regions. The
decomposition results reveal that the DER gain
from our time anchors mechanism is mainly re-
alized through reducing missed speaker activity,
highlighting its effectiveness in improving tempo-
ral grounding as well as detecting concurrent speak-
ers in overlapped regions.
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AMI (DER % ↓) AliMeeting (DER % ↓)

System Non-Overlap Overlap Non-Overlap Overlap

Cascade Baseline (Pyannote + Whisper) 5.77 54.80 2.70 53.11
TagSpeech w/o SOT 14.58 48.43 7.31 35.06
TagSpeech w/ SOT 15.93 46.20 6.62 33.68

Table 5: Regional DER breakdown for non-overlap and overlap speech segments. The results highlight TagSpeech’s
effectiveness in resolving complex speech overlaps compared to cascaded systems.

5.2 Diarization under Overlapping Speech

To verify whether the architectural design of
TagSpeech, specifically the dual-encoder setup
and interleaved temporal anchoring, effectively ad-
dresses complex speech overlaps, we report DER
separately for non-overlap and overlap regions us-
ing oracle UEM masks.

As shown in Table 2, the cascade baseline (Pyan-
note + Whisper) remains the only system to slightly
outperform TagSpeech in overall DER (by 1.8%
on AMI). However, a regional breakdown using
UEM segments in Table 5 reveals distinct trade-offs
between the two paradigms. In non-overlapping
regions, the cascade baseline maintains a superior
DER. This is expected, as TagSpeech performs end-
to-end multi-task modeling (ASR and Diarization)
within a single stream, which can introduce time
boundary error compared to the specialized VAD
in the cascade pipeline.

Conversely, in overlapping regions (2 to 4 con-
current speakers), TagSpeech significantly outper-
forms the cascade baseline. Notably, on the Al-
iMeeting benchmark, TagSpeech (with SOT fine-
tuning) achieves a nearly 20% absolute DER im-
provement in overlap regions. These results sub-
stantiate our claims that TagSpeech provides supe-
rior handling of complex multi-speaker scenarios,
demonstrating that our temporal grounding mech-
anism effectively disentangles interleaved speech
streams that traditional cascaded systems often fail
to recover.

5.3 Alternative Temporal Cues

Our interleaved time anchor with numeric tokens
provides a simple and cost-efficient mechanism for
improving temporal grounding, leveraging LLMs’
inherent ability to reason over natural numbers and
can extend naturally to long-form audio. To better
understand the design space, we further investigate
whether alternative temporal cues, such as explicit
textual anchors adopted in recent work (Bai et al.,
2025a), can yield additional benefits.

Under the same experimental setting with the an-
chor interval fixed at 8 frames, we compare four de-
signs ranging from implicit continuous embeddings
to explicit symbolic representations (Table 6). Dis-
crete token-based anchors consistently outperform
continuous signals (I), confirming that LLM de-
coders benefit from explicit and interpretable tem-
poral markers. Among symbolic designs, constant
tokens (II) offer only coarse rhythmic segmenta-
tion, whereas numeric and textual anchors encode a
progressive timeline that enhances temporal aware-
ness and synchronizes semantic understanding with
speaker tracking.

We observe that textual time anchors (III) yield
slightly better performance, but at a substantially
higher token cost or requires additional engineering
for token compression. In contrast, our numeric
anchor use only 1–2 pre-cached integer tokens with
no extra processing, achieving comparable perfor-
mance with far lower cost, making it a more scal-
able solution for long-meeting understanding.

Type Example #Tokens DER% ↓ cpWER% ↓
I. Sinusoidal Emb. (Added to hidden state) - 27.22 38.95
II. Constant Anchor ANCHOR, ANCHOR ... 1 22.57 39.82
III. Text Anchor <time=0.16s> 4-6 20.53 38.33
IV. Numeric Anchor (ours) 1, 2, 3 ... 1-2 21.75 39.21

Table 6: Comparison of different temporal cues on AMI.
All anchors are inserted at an interval of 8-frame.

5.4 Breaking the Linearity Bias

Through a qualitative investigation on error cases,
we identify two common failure modes of large
end-to-end baseline models. First, they exhibit tem-
poral blindness to absolute duration, particularly
on extremely short inputs. Second, they suffer from
a linearity bias, which prevents correct modeling
of overlapping speech.
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Case Study 1: generated by Gemini-2.0-flash

-- Reference --
0.00-0.21, speaker 1: Yeah.

-- Hypothesis (Entirely Hallucination) --
1.20-3.50, speaker 1: Hello, how are you

doing today?
4.00-6.80, speaker 2: I'm doing well,

thank you for asking. How about
yourself?

7.20-9.10, speaker 1: I'm doing great
too. Just a bit busy with work.

9.50-12.00, speaker 2: I understand. It's
always something, isn't it?

12.50-14.70, speaker 1: Yeah, tell me
about it. Anyway, what's new with
you?

15.00-17.30, speaker 2: Not much, just
planning a vacation next month.

17.70-19.90, speaker 1: Oh, that sounds
exciting! Where are you going?

20.30-22.60, speaker 2: I'm thinking of
going to Hawaii. I need some sun and
relaxation.

23.00-25.40, speaker 1: Hawaii sounds
amazing! I've always wanted to go
there.

25.80-28.10, speaker 2: You should
definitely plan a trip sometime.
It's worth it.

Case Study 1 shows a failure of Gemini-2.0-
Flash on a 0.21 s AMI sample. Although the
ground truth contains only a single word, the model
hallucinates a 28-second, two-speaker textbook-
style dialogue. This behavior reveals a weakness
in temporal grounding: when acoustic evidence is
sparse, the model ignores the actual input duration
and instead defaults to its internal language priors,
generating irrelevant outputs.

In addition, Gemini-2.0 and Qwen-3.0-Omni ex-
hibit a strong linearity bias, which encourages se-
quential serialization of events that occur simulta-
neously. Figure 5 visualizes this bias on an AMI
sample with dense overlap. While all models pro-
duce nearly identical transcriptions and achieves
similar gWER, the baselines strictly serialize the
timeline, forcing one speaker to start only after
the other ends, even when explicitly prompted to
handle overlap. In contrast, our model correctly
recovers the overlapping temporal timeline.

These cases show that our interleaved time an-
chors, together with the SOT fine-tuned semantic
encoder, effectively address both duration aware-
ness and overlap modeling, enabling more pre-
cise and robust temporal grounding for multi-party
speech understanding.

0.02 3.65
3.01 7.19

3.59 4.15 5.22 6.95

6.884.09

0.00 3.95
2.98 6.59 6.88 7.19

0.41 1.09
1.19 2.01

2.01 3.44

5.00
0.00 0.30

0.90 3.10 5.40 7.20
3.10

Ground truth

TagSpeech (Ours)

Qwen-3.0-Omni

Gemini-2.0

Figure 5: Visualization of diarization timelines on a
challenging sample with dense overlap. Baselines avoid
overlapping timestamps, revealing a linearity bias.

6 Conclusion

In this work, we address the critical limitations of
current LALMs regarding temporal hallucinations
and diarization accuracy. We propose TagSpeech, a
unified end-to-end framework that directly resolves
who spoke what and when. Despite its architec-
tural simplicity and low training cost—requiring no
modifications to the LLM vocabulary or backbone—
TagSpeech achieves the best DER results on AMI
and AliMeeting benchmarks, outperforming strong
baselines such as Gemini and Qwen. Future work
will explore fine-tuning the speaker encoder with
multi-talker data for better diarization performance
(DER), applying LoRA-based adaptation to the
LLM to further improve content recognition (cp-
WER), and propagating context across local chunks
for long-form recording and streaming scenarios.

Limitations

Data Scale and Generalizability: We trained and
evaluated our models on AMI and AliMeeting,
which represent challenging real-world conditions
with spontaneous overlapping speech and noise.
However, the training data size for both datasets
is relatively small (65 and 103 hours respectively).
Validating our approach on large-scale synthetic
datasets would be beneficial to better assess its
generalizability and scaling behavior compared to
baselines. Furthermore, expanding the data scale
would allow us to investigate whether occasional
failures, such as structural parsing errors or hal-
lucinations, are intrinsic to the architecture or a
symptom of data scarcity.

Inference Latency: As an LLM-based frame-
work, our model relies on autoregressive gen-
eration, which is inherently slower than non-
autoregressive discriminative models. Although we
have verified that long-form recording (e.g., 30–50
minutes) can be decoded via chunk-wise inference
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by adopting a "best-of-both-worlds" strategy (Ki-
noshita et al., 2021), the overall inference speed
still lags behind highly optimized cascaded sys-
tems. This latency currently constrains the model’s
deployment in strictly real-time or low-resource
streaming scenarios.

Scope of Multimodal Understanding: Ideally,
a comprehensive multi-speaker interaction model
should capture not only identity and content but
also paralinguistic attributes such as gender, age,
and emotional state. The speaker encoder we use,
Auden-Voice, possesses pre-trained capabilities for
these tasks, and our preliminary experiments sug-
gested promising predictive potential. However,
since the AMI and AliMeeting corpora are busi-
ness meetings and lack rigorous annotations for
such paralinguistic information, we were unable
to perform a quantitative evaluation in this study.
Future work will explore datasets with richer par-
alinguistic labels to fully unlock this potential.
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A Appendix

A.1 Dataset and Metric Details

Table 7 summarizes the statistics of two datasets
of total hours and number of utterances. Since
all compared models show unstable behavior on
extreme-duration inputs, we then filter out utter-
ances shorter than 0.5 seconds (mainly filler words
such as “okay”) and longer than 80 seconds during
evaluation. This removes approximately 5% of to-
tal speech duration from each dataset to ensure a
fair comparison.

Both AMI and AliMeeting datasets use
anonymized, code-based speaker identifiers instead
of real names.
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Split AMI AliMeeting
Hours #Samples Hours #Samples

Train 65.0 26,760 103.4 38,338
Dev./Eval. 7.6 3,887 3.9 1,703
Test 7.3 3,065 9.9 4,585

Table 7: Statistics of training, validation, and test splits
for AMI-SDM and AliMeeting-Far datasets. Both are
processed with the Lhotse toolkit (Żelasko et al., 2021)

Diarization Error Rate (DER) is computed as:

DER =
TFA + TMISS + TCONF

TTOTAL

where TFA, TMISS, TCONF denote the durations of
false alarm speech (predicted speakers exceed refer-
ence speakers), missed speech (predicted speakers
are fewer than reference speakers), and speaker con-
fusion (correct speaker count but incorrect speaker
assignment), respectively. We use a 0 ms collar
with no forgiveness for overlapping speech.

Word Error Rate (WER) is defined as:

WER =
S +D + I

N

where S, D, I are the number of substitutions,
deletions, and insertions, respectively. N is total
number of words in the reference. Mandarin uses
Character Error Rate (CER).

Global WER (gWER) is calculated as the WER
over all utterances concatenated chronologically,
regardless of speaker labels.

Concatenated Minimum Permutation WER (cp-
WER) is defined as:

cpWER = min
π

∑
i WER(Ri, Hπ(i)) · |Ri|∑

i |Ri|

where Ri and Hj are the reference and predicted
transcripts for speaker i and j, respectively, and
π denotes the optimal assignment via Hungarian
algorithm.

For reproducibility, DER and cpWER are com-
puted using the MeetEval Toolkit (von Neumann
et al., 2023).

A.2 Reproducibility Details

Acoustic Features. We extract 80-dimensional
log-mel spectrogram features with a window size
of 25 ms and hop size of 10 ms.

Encoder Architecture. Both encoders share the
same backbone: Zipformer. The output embed-
dings are downsampled to 25 Hz, with a hidden
dimension Denc = 768. Each encoder has approxi-
mately 156M parameters. Each encoder is followed
by a projector with a stride k = 4, yielding com-
pressed representations at 6.25 Hz. Both projectors
are trained from scratch, trainable parameters are
47.72M in total.

Time Anchor Mechanism. We set the numeric
time anchor interval m = 8, corresponding to 1.28
physical seconds given the 6.25 Hz compressed
frame rate. Since Qwen2.5’s tokenizer splits multi-
digit numbers into separate digit tokens (e.g., 12
becomes 1, 2), we pre-cache the embeddings for
digits 0–9 to facilitate training.

Large Language Model. The LLM backbone
is Qwen2.5-7B-Instruct with DLLM = 3584. It
is queried with use_flash_attn, and used in
inference-only mode. Greedy decoding is used
throughout. We use its default tokenizer and vocab-
ulary, with an additional special token <|AUDIO|>
as placeholder for actual features sequences.

Data Sampling and Augmentation. We use a
bucketing sampler with a maximum input duration
of 80 seconds as training batch size. Utterances are
shuffled during training. SpecAugment is used for
data augmentation. Speed perturbation is disabled.

Training Setup. The model is trained using the
Adam optimizer with a learning rate of 0.001.
Learning rate scheduling is handled by the eden
scheduler, configured with lr_epochs = 3.5,
lr_batches = 7500, warmup_batches = 500, and
lr_steps_per_epoch = 0. Mixed-precision train-
ing is enabled. Decoding is performed via greedy
search. Flash attention is disabled.

Hardware. All training and evaluation experi-
ments are conducted on a single NVIDIA H200
or A100 GPU. On an H200, the model converges
around 20k steps in approximately 3 hours; on an
A100, takes around 8 hours.

A.3 Baseline

Gemini We use Gemini-2.0-flash via the
official genai API to perform end-to-end
speaker diarization and multi-speaker ASR. All
safety_settings are disabled to allow unre-
stricted decoding. We adopt a structured prompt
to encourage overlapping utterance segmentation.
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However, the model exhibits a systematic limita-
tion: it only generates segments in strictly sequen-
tial order (e.g., 1.5–2.0, 2.1–3.0) without any tem-
poral overlap, even when overlapping speech is
clearly present in the audio. This behavior persists
despite explicit prompting, and hinders the model’s
ability for precise DER.

Following Google’s specification2, if the re-
turned FinishReason equals 2 (MAX_TOKENS),
the output is often hallucinated or incom-
plete; we mark such cases as failure. We
also evaluated more recent Gemini-2.5-pro
and Gemini-3.0-pro-preview, but they suffered
much more frequent truncation errors (around 30%
for the first 100 samples), so we only report results
from Gemini-2.0-flash.

For Mandarin outputs, the model occasionally
returns Traditional Chinese. We use OpenCC3 to
convert all transcripts into Simplified Chinese be-
fore computing WER.

Prompt for Gemini-2.0-flash

Perform speaker diarization and ASR on
English (when decode Alimeeting, "on
Mandarin Chinese"). It may contain
OVERLAPPING speech, make each
utterance turn complete, do NOT chop
segments to avoid overlap. If no
speech detected in a segment, skip it

Output a JSON list:
[
{
"start": 0.0,
"end": 1.0,
"speaker": "spk_1",
"text": "..."

}
]

Decoding Configuration:
- Temperature: 0.0
- Maximum output tokens: 2048
- Response mime type: application/json

Qwen-Omni Models We evaluate
two end-to-end models from the Qwen
Omni family: Qwen2.5-Omni-7B4 and
Qwen3-Omni-30B-A3B-Instruct5. These
models are capable of generating both text and
audio outputs. Since our task only requires textual

2https://ai.google.dev/api/generate-content#
FinishReason

3https://github.com/BYVoid/OpenCC
4https://huggingface.co/Qwen/Qwen2.5-Omni-7B
5https://huggingface.co/Qwen/

Qwen3-Omni-30B-A3B-Instruct

diarization and ASR results, we explicitly disable
audio generation. Similar to our observations with
Gemini, the Qwen models also output speaker
segments in strictly linear timelines. Furthermore,
Qwen3-Omni adopts a SubRip Subtitle (SRT)-like
format (e.g., "00:00.000"), which we normalize
during post-processing to ensure consistent
evaluation.

Prompt for Qwen2.5/3-Omni

System Message:
You are a speech analysis engine. Output

ONLY JSON.

User Prompt:
Task: Speaker Diarization & ASR (English

for AMI/ Mandarin for Alimeeting).
Instructions:
1. Output a JSON list of segments.
2. Keys: "start", "end", "speaker", "

gender", "text".
3. It may contain OVERLAPPING speech,

make each utterance turn complete, do
NOT chop segments to avoid overlap.

4. No preamble. No explanations.

Decoding Configuration:
- Disable talker: True
- Sampling: disabled
- Maximum new tokens: 2048

Pyannote As part of our cascade pipeline, we
use the Pyannote pipeline6. This model is widely
adopted, optimized specifically for diarization, and
offers strong performance with fast inference. How-
ever, for short utterances (e.g., ∼1 second), espe-
cially backchanneling, the model often fails to de-
tect any speaker activity and outputs nothing, thus
affecting downstream speech recognition handled
by Whisper.

Whisper For the second stage of the cascade
pipeline, we use whisper-large-v37, a widely
adopted strong baseline for multi-lingual speech
recognition. We apply it to each segment predicted
by Pyannote. The decoding language is explicitly
set: en for English and zh for Mandarin. For Man-
darin segments, the model often produces a mix
of Simplified and Traditional Chinese characters.
We also post-process the transcripts using OpenCC
before computing WER.

6https://huggingface.co/pyannote/
speaker-diarization-3.1

7https://huggingface.co/openai/
whisper-large-v3
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WavLM In Section 4.5, we compare our dual-
encoder architecture against WavLM-Large8, de-
signed as a general-purpose speech representation
model “for full-stack speech processing.” The
model contains 316.62M parameters, comparable
to the combined size of our dual encoders.

A.4 Cross-dataset and Cross-lingual
Generalization

To evaluate the generalization capability of
TagSpeech across different languages and acous-
tic environments, we conducted zero-shot cross-
dataset experiments. We tested the model trained
on AMI (English) directly on the AliMeeting (Man-
darin) test set, and vice versa.

The results, summarized in Table 8, reveal a
compelling decoupling between temporal ground-
ing and linguistic decoding. Despite the extreme
language shift, DER remains competitive on suc-
cessfully parsed samples. This confirms that the
time-anchor and SOT mechanisms in TagSpeech
learn language-agnostic representations for multi-
speaker temporal grounding.

Train → Test Fail ↓ DER ↓ cpWER ↓
AMI (EN) → AliMeeting (ZH)28.20 19.99 > 100
AliMeeting (ZH) → AMI (EN)22.94 26.53 > 100

Table 8: Zero-shot cross-lingual evaluation between
English (AMI) and Mandarin (AliMeeting).

However, the cpWER exceeds 100% in both
cross-lingual settings. Qualitative analysis reveals
a strong language-specific hallucination: the model
generates hypotheses exclusively in the training lan-
guage, regardless of the input audio. This suggests
that while the frozen LLM backbone maintains
the SOT format, its internal language modeling is
heavily biased, causing content recognition to col-
lapse under extreme language shift. These findings
further motivate our future plan to apply LoRA-
based adaptation to the LLM backbone, aiming to
enhance linguistic generalization while preserving
robust temporal grounding.

A.5 Full Results

We report the main results on the standard test sets
of AMI and AliMeeting. Due to the high compu-
tational cost of training and inference with LLM
backbones, we report results from a single run with
a fixed random seed to ensure reproducibility. The

8https://huggingface.co/microsoft/wavlm-large

full results corresponding to Table 2 are presented
here in Table 9. We highlight catastrophic outliers
in red and summarize several descriptive observa-
tions below:

By utterance duration. Across models, the most
challenging cases are extremely short utterances
(0.5–1s) and long utterances (>30s). For Gemini-
2.0-flash, extremely short segments exhibit excep-
tionally high WER, indicating severe failure behav-
ior due to hallucination.

By speaker count. Performance consistently de-
grades as the number of speakers increases in the
ground truth. This trend is observed across all met-
rics and all models. In particular, Qwen2.5 shows
near-zero speaker count accuracy for utterances
with more than two speakers, suggesting limited
sensitivity to multi-speaker presence.

Stability across conditions. The cascade system
shows relatively stable performance across differ-
ent utterance durations and speaker counts, except
for extremely short segments where failures of-
ten occur at the diarization stage. Overall metric
variance with respect to duration is smaller com-
pared to end-to-end LLM-based models. In ad-
dition, Qwen-3.0-Omni 30B model exhibits the
lowest failure rate across most conditions.

DER Collar 0.25 s While we prioritize the strict
0.0 s collar in all tables to better reflect the fine-
grained temporal boundary modeling of TagSpeech,
we also provide results using a 0.25 s collar to facil-
itate a broader comparison with existing literature
and prior work. These additional results, summa-
rized in Table 10, demonstrate that performance
trends remain consistent with the collar-free evalu-
ation.

System AMI-SDM AliMeeting-Far

Gemini-2.0-flash 38.64 42.50
Qwen2.5-Omni-7B 29.39 31.86
Qwen3-Omni-30B 31.94 25.93
Pyannote + Whisper 15.04 16.71
TagSpeech (Ours) 18.73 16.18

Table 10: Diarization Error Rate (DER % ↓) with a
standard 0.25 s collar. These results correspond to the
DER measurements in Table 2 and facilitate a broader
comparison with existing literature.
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Model Group AMI-SDM (English) AliMeeting (Mandarin)

Fail ↓ DER ↓
0.0|0.25

cpWER↓ gWER
↓

SCA ↑ Fail ↓ DER ↓
0.0|0.25

cpWER↓ gWER
↓

SCA ↑

Gemini-2.0-flash

0.5–1s 0.9 32.16 | 28.73 260.63 260.08 79.82 36.2 75.20 | 73.11 2141.57 2140.43 24.40
1–15s 0.5 44.15 | 36.14 36.33 32.16 57.19 32.7 43.96 | 35.18 43.34 38.78 60.27
15–30s 0.9 47.06 | 41.39 31.92 25.27 40.23 20.3 55.04 | 47.95 49.82 35.24 21.26
>30s 23.7 44.87 | 39.03 32.82 22.83 26.52 35.5 57.63 | 51.69 59.14 37.71 13.51

1 spk 0.5 32.19 | 29.92 28.61 28.44 96.39 40.8 33.26 | 28.48 89.90 89.75 83.24
2 spk 0.7 41.33 | 35.07 28.28 26.31 27.94 29.6 43.39 | 36.38 33.95 29.55 38.16
3 spk 3.5 51.55 | 44.80 40.48 31.51 3.86 0.6 49.05 | 42.45 45.04 36.48 0.29
4 spk 13.6 57.32 | 50.16 49.75 33.87 0.54 11.0 63.83 | 57.87 66.52 44.67 0.28

Qwen2.5-Omni
-7B

0.5–1s 1.2 6.60 | 1.48 59.73 58.22 87.73 0.8 6.61 | 1.85 25.53 25.03 90.75
1–15s 3.3 26.62 | 20.39 45.06 34.21 62.36 6.0 24.99 | 19.51 26.96 19.02 74.30
15–30s 4.6 32.21 | 26.35 47.92 30.96 39.10 7.6 46.03 | 26.71 48.07 26.71 40.83
>30s 16.2 49.91 | 45.43 58.05 30.03 19.31 24.4 57.81 | 34.67 67.47 34.67 24.62

1 spk 3.0 8.64 | 7.75 26.42 23.25 92.18 6.2 11.09 | 10.50 8.77 7.78 93.28
2 spk 3.2 30.00 | 25.90 40.80 30.36 53.70 3.9 32.35 | 28.73 30.03 16.56 66.64
3 spk 4.4 44.58 | 40.16 60.13 35.66 0.73 6.1 44.34 | 39.87 50.70 29.10 1.24
4 spk 12.2 54.66 | 49.96 70.10 38.93 0.00 15.5 59.73 | 54.98 72.28 42.34 2.95

Qwen3-Omni
-30B-A3B-Instruct

0.5–1s 13.9 11.58 | 2.11 51.78 51.19 88.03 0.5 9.20 | 1.04 19.22 18.62 93.85
1–15s 0.2 31.31 | 23.23 33.37 28.33 61.49 0.2 21.39 | 13.81 19.79 15.92 73.17
15–30s 0.3 32.84 | 25.51 29.87 23.60 42.29 0.5 34.32 | 25.31 33.39 24.21 41.49
>30s 3.5 55.23 | 49.03 52.77 48.15 23.95 4.1 61.08 | 53.61 61.15 54.40 26.06

1 spk 3.6 19.42 | 18.38 20.89 18.82 93.92 0.2 8.91 | 7.19 7.24 5.68 94.75
2 spk 0.6 31.17 | 25.17 30.38 27.31 48.02 0.1 23.71 | 16.92 18.44 15.83 60.24
3 spk 0.2 46.34 | 38.83 45.65 39.00 4.90 0.9 36.56 | 29.67 36.23 29.59 2.94
4 spk 2.3 56.40 | 49.19 54.78 45.86 3.85 2.2 59.19 | 51.79 61.42 50.26 6.12

Cascade System:
Pyannote-3.1+

Whisper-large-v3

0.5–1s 21.8 21.41 | 7.15 53.47 51.82 86.43 19.6 15.22 | 4.00 45.03 45.03 94.60
1–15s 2.7 21.24 | 13.20 42.43 35.81 51.23 1.0 17.52 | 9.46 36.58 30.80 62.20
15–30s 0.0 21.79 | 14.83 40.96 33.34 38.75 0.0 28.08 | 18.34 47.66 40.28 31.98
>30s 0.6 26.37 | 17.39 46.84 37.97 26.74 0.0 40.06 | 30.20 63.68 54.68 38.95

1 spk 8.4 6.06 | 4.96 26.12 25.51 99.40 4.0 2.63 | 0.89 17.80 17.63 99.79
2 spk 1.5 17.81 | 11.53 39.55 33.60 10.37 1.0 17.17 | 9.66 35.97 29.65 14.97
3 spk 0.0 28.10 | 19.08 48.94 38.99 7.44 0.3 27.88 | 19.13 55.82 46.97 7.02
4 spk 0.9 37.17 | 26.89 55.64 43.33 6.16 0.0 46.84 | 37.42 69.01 57.79 11.97

TagSpeech (Ours)

0.5–1s 0.3 8.25 | 0.62 45.45 43.83 90.27 0.0 4.46 | 1.22 24.25 23.95 93.88
1–15s 0.2 16.26 | 8.90 35.74 28.48 72.04 0.6 13.22 | 7.47 23.42 19.49 82.51
15–30s 1.7 20.33 | 14.34 37.67 26.84 53.33 7.6 28.83 | 21.86 42.01 29.72 66.93
>30s 12.7 42.61 | 37.40 56.75 40.36 40.40 45.9 47.12 | 42.57 61.16 41.60 59.14

1 spk 0.1 2.66 | 1.69 15.19 14.67 96.48 0.0 1.11 | 0.69 8.45 8.22 97.09
2 spk 0.4 18.16 | 12.98 34.38 26.42 61.29 0.5 16.94 | 11.85 26.74 19.60 66.58
3 spk 3.3 32.77 | 27.18 52.76 37.73 31.97 5.2 30.68 | 24.92 45.67 32.35 42.77
4 spk 7.0 45.54 | 40.57 66.02 46.59 9.09 27.2 49.01 | 44.71 66.12 49.20 56.51

Table 9: Full results of our model TagSpeech and baselines on AMI-SDM and AliMeeting-Far , grouped by
utterance duration and speaker count. We evaluate on utterances with durations in the range of 0.5–80 s, excluding
approximately 5% of samples with extreme durations in both datasets. Each row is a group; Columns report metrics
in percentage (%), with DER presented under both 0.0s and 0.25s collars for comprehensive comparison. Cells
highlighted in red indicate catastrophic outliers.
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