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Abstract

Multi-speaker automatic speech recognition
(MASR) aims to predict “who spoke when and
what” from multi-speaker speech, a key tech-
nology for multi-party dialogue understanding.
However, most existing approaches decouple
temporal modeling and speaker modeling when
addressing “when” and “who”: some inject
speaker cues before encoding (e.g., speaker
masking), which can cause irreversible infor-
mation loss; others fuse identity by mixing
speaker posteriors after encoding, which may
entangle acoustic content with speaker iden-
tity. This separation is brittle under rapid turn-
taking and overlapping speech, often leading
to degraded performance. To address these lim-
itations, we propose TellWhisper, a unified
framework that jointly models speaker identity
and temporal within the speech encoder. Specif-
ically, we design TS-RoPE, a time-speaker
rotary positional encoding: time coordinates
are derived from frame indices, while speaker
coordinates are derived from speaker activity
and pause cues. By applying region-specific
rotation angles, the model explicitly captures
per-speaker continuity, speaker-turn transitions,
and state dynamics, enabling the attention
mechanism to simultaneously attend to “when”
and “who”. Moreover, to estimate frame-
level speaker activity, we develop Hyper-SD,
which casts speaker classification in hyperbolic
space to enhance inter-class separation and
refine speaker-activity estimates. Extensive
experiments demonstrate the effectiveness of
the proposed approach. The project webpage
is available at https://walker-hyf.github.
io/TellWhisper.

1 Introduction

Multi-speaker Automatic Speech Recognition
(MASR) aims to predict who speaks what content
and at what time in speech containing interactions
among multiple speakers (Polok et al., 2025; Yin
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Figure 1: (a) Prior methods model temporal structure
and speaker information separately. (b) Our approach
uses a unified positional encoding to capture both tem-
poral and speaker dynamics.

et al., 2025). It is a complex task that jointly inte-
grates speaker diarization (SD) (Bredin et al., 2020)
and automatic speech recognition (ASR) (Cao et al.,
2012). With the development of speech intelligence
and conversational systems, MASR plays an in-
creasingly critical role in meeting and interview
transcription (Vinnikov et al., 2024), multi-user
human–computer interaction (Shin et al., 2025),
and the construction of data for spoken dialogue
speech foundation models (Ju et al., 2025; Xie et al.,
2025; Hao et al., 2025; Weihua et al., 2026). Con-
sequently, developing efficient and robust MASR
models is of practical importance.

While current ASR models (Yao et al., 2023; Xu
et al., 2025) excel at recognizing linguistic con-
tent, their performance often degrades markedly in
multi-party dialogues with rapid speaker-turn tak-
ing, largely because the critical cues of “who” and
“when” remain insufficiently modeled. In MASR,
traditional solutions typically fuse SD and ASR out-
puts in parallel: the former predicts speaker iden-
tities and timestamps, the latter predicts content
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and timestamps, and the two streams are aligned
by timestamps (Yamasaki et al., 2023). However,
accurate timestamp alignment is challenging, espe-
cially under overlapping speech, and this pipeline
often results in incorrect speaker assignment. Re-
cent works seek to unify SD and ASR, yet most
approaches remain fundamentally factorized, mod-
eling temporal structure and speaker identity sepa-
rately and aggregating speaker cues with acoustic
representations outside the encoder. As shown in
Fig. 1, they use absolute positional encoding for
time modeling and adopt three common speaker
strategies: (1) (Polok et al., 2025) masks non-
target regions before encoding using SD labels, to
preserve temporal, blank inputs are still decoded,
which can trigger hallucinations. (2) (Kang et al.,
2025; He et al., 2025) attempts to isolate the target
speaker, but requires extra speaker prompts (Ma
et al., 2024; Guo et al., 2024) or fixed number of
separated individuals (Zhao and Ma, 2023), and
struggles in overlapping regions. (3) Other meth-
ods (Park et al., 2024; Medennikov et al., 2025) add
predefined speaker sinusoidal kernels weighted by
posteriors to encoder states, such linear mixing
entangles semantics with speaker cues and com-
plicates decoding. Therefore, how can we model
temporal and speaker jointly within the encoder in
a more seamless way?

To overcome factorized modeling, we propose
TellWhisper (Fig. 1, lower). The model injects
temporal and speaker information into the ASR
encoder via positional encoding. Specifically, we
design TS-RoPE, a time–speaker-aware rotary po-
sitional encoding, and apply it to encoder self-
attention to modulate Query-Key dot products
through controllable rotation-angle differences. We
partition the Query/Key channels into temporal
subspaces indexed by absolute frame time and
speaker subspaces derived from per-frame activ-
ity to capture speaker-state dynamics (e.g., sus-
tained speech and pauses). We also allocate dis-
joint channel regions to different speakers to avoid
inter-speaker interference. To obtain more reliable
frame-level activity, we further propose Hyper-SD,
which replaces Euclidean linear scoring with a hy-
perbolic “feature-prototype distance” (red box in
Fig. 1). Negative curvature induces exponential
volume growth, so small shifts yield larger distance
changes, improving separability among timbrally
similar speakers and stabilizing speaker posteriors.

In summary, the main contributions of this paper
are as follows:

• We propose TellWhisper, a novel multi-
speaker ASR model that introduces TS-RoPE,
a time–speaker-aware rotary positional encod-
ing, into the speech encoder to naturally inte-
grate temporal and speaker activity.

• To obtain reliable frame-level speaker ac-
tivity, we develop Hyper-SD, a hyperbolic-
space speaker diarization model that estimates
speaker activity via “feature-prototype dis-
tances.”

• We conduct extensive experiments that
demonstrate the effectiveness of TS-RoPE
for time-speaker integration and show that
Hyper-SD provides reliable speaker-activity
estimates.

2 Related Works

2.1 Rotational Position Encoding
Traditional absolute positional encoding (PE) in-
jects fixed position-dependent vectors into seman-
tic representations (Vaswani et al., 2017), requiring
a predefined maximum length and failing to explic-
itly model relative positions. In contrast, Rotary
Positional Embedding (RoPE) (Su et al., 2024) ro-
tates Query and Key vectors so attention depends
on relative angles, preserves norms, and supports
long context. Beyond large language models (Bai
et al., 2023; Touvron et al., 2023), RoPE also ap-
plies to speech tasks such as ASR (Zhang et al.,
2025) and speech enhancement (Chen and Wang,
2024), where frame features rotate by time to en-
code dynamics. In vision, RoPE extends to multi-
dimensional variants that encode multiple axes (Lu
et al., 2024). More recently, multi-dimensional
RoPE (Yang et al., 2025) unifies positional encod-
ing across modalities by partitioning channels into
semantic subspaces (e.g., width and height) and
encoding factors independently within shared at-
tention. Motivated by these advances, we target
MASR, which requires joint temporal and speaker
modeling. Instead of encoding time alone, we
split channels into temporal and speaker subspaces:
the temporal subspace uses standard time rotation,
while the speaker subspace is modulated by speaker
activity.

2.2 Hyperbolic Representation Learning and
Classification

Conventional classifiers (Bredin et al., 2020) typ-
ically use a linear head in Euclidean space, but
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Figure 2: Overall architecture of the TellWhisper model. For multi-speaker speech, the Speaker-Time Aware
Encoder encodes the input with convolutional layers and uses Hyper-SD to estimate frame-level speaker activity.
Guided by TS-RoPE, self-attention jointly models temporal and speaker dynamics, and the Structured Content
Predictor outputs speaker, time, and text. In particular, TS-RoPE builds separate temporal and speaker coordinates
and encodes them into disjoint Query/Key subspaces, strengthening attention for aligning “when” and “who” cues.

Euclidean geometry’s flatness and polynomial vol-
ume growth make it hard to form large inter-class
margins for highly similar distributions, leading
to poor discrimination (Xu et al., 2023). Hyper-
bolic space, with negative curvature and exponen-
tial volume expansion, amplifies distance contrasts
and enlarges margins (Ganea et al., 2018), which
benefits speaker diarization where similar timbres
produce confusable embeddings. Hyperbolic em-
beddings also capture hierarchical structure with
low distortion (Pal et al., 2024) and use geomet-
ric cues (e.g., radius) to reflect a continuum from
ambiguous to separable events (Petermann and
Kim, 2024). However, SD requires explicit frame-
level discrete labels: non-speaking (noise/silence)
should be grouped, while different overlap patterns
(e.g., “spk-A & spk-B” vs. “spk-B & spk-C”) must
remain separable (Bredin et al., 2020). If ambigu-
ous segments collapse near the origin, separability
across overlap types degrades. Accordingly, we as-
sign distinct labels to non-speaking segments, each
single speaker, and each overlap combination, and
enforce supervision that pushes features and pro-
totypes toward well-separated boundary regions.
Finally, we compute frame-level speaker activity

from feature–prototype distances.

3 Task Definition

In multi-speaker automatic speech recognition,
the input is a multi-speaker speech signal repre-
sented as a frame-level acoustic feature sequence
X = {xt}Tt=1, where xt ∈ RD is the feature vector
of frame t and T is the sequence length. The signal
may contain overlap, rapid speaker transitions, and
silence (non-speaking). The MASR model aims to
infer structured outputs (speaker identities, times-
tamps, and transcribed text), formulated as

Y = {(spks, [τ start
s,j ,ys,j , τ

end
s,j )]

J
j=1}Ss=1 (1)

where spks denotes the speaker label, τ start
s,j and

τ end
s,j are the segment boundaries for the j-th turn of

speaker s, ys,j is the associated text sequence, J is
the number of speaker-turn segments of spks in X ,
and S is the number of speakers in X .

4 Proposed Approach: TellWhisper

As shown in Fig. 2, we present the overall architec-
ture of TellWhisper. We first describe how Hyper-
SD estimates speaker activity, and then introduce
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the TS-RoPE-based time-speaker-aware encoder
and the structured content predictor.

4.1 Frame-level Speaker Activity Estimator
As shown in the upper-right of Fig. 2, Hyper-SD
consists of two stages: (1) it learns speech rep-
resentations from multiple WavLM (Chen et al.,
2022) layers and uses a Conformer encoder to in-
ject global context into frame-level features; (2) a
hyperbolic classifier maps Euclidean features into
hyperbolic space and estimates speaker activity via
feature–prototype distances.

4.1.1 Speech Feature Extraction and
Encoding

Given multi-speaker speech X , we use WavLM to
extract multi-layer frame-level representations h(l)

t .
A learnable weighted-sum aggregation fuses these
features into a compact frame representation:

zt =

L∑

l=1

αlh
(l)
t (2)

where, l is the layer index, t is the frame index, and
αl denotes the layer weight.

The aggregated features are then fed into a Con-
former to model contextual dependencies:

u1:T = Conformer(z1:T ) (3)

where T is the number of frames. The Conformer
integrates long-range context and local acoustic
patterns to produce context-aware frame represen-
tations for speaker activity estimation.

4.1.2 Prototype-Based Speaker Activity
Estimation

Speaker activity estimation is performed in hyper-
bolic space. Specifically, we first apply a linear
transformation and norm clipping to the Euclidean
feature ut:

vt = Wut + b ∈ RI ,

vt = vt ·min

(
1,

r

∥vt∥2 + ϵ

) (4)

Here, I denotes the hyperbolic embedding dimen-
sion, r controls the clipping radius, W and b are
the weight matrix and bias, and ϵ is a small con-
stant.

A Poincaré ball (Ungar, 2001) Bc with curva-
ture c serves as the underlying hyperbolic space.
The clipped features are mapped to Bc via the ex-
ponential map at the origin and then projected to

remain inside the ball for numerical stability. We
assign a learnable hyperbolic prototype pn ∈ Bc

to each speaker-combination 1 class n ∈ N , where
N is the power set of speakers and |N | = 24 (we
assume at most four speakers). For each mapped
frame-level embedding v

′
t, we compute its hyper-

bolic distance to each prototype:

dt,n = dBc(v
′
t,pn) (5)

Finally, the per-speaker frame-level activity πt,s
is obtained by first applying an element-wise acti-
vation function to produce a joint distribution over
all classes and then marginalizing them:

πt,s =
2N∑

n=1

bs,n σ(−dt,n), s = 1, 2, 3, 4 (6)

where bs,n ∈ {0, 1} indicates whether speaker s in
class n.

4.2 Speaker–Time Aware Encoder

TellWhisper adopts TS-RoPE to inject temporal
and frame-level speaker activity cues into self-
attention by rotating Query/Key vectors in multiple
interleaved rotary subspaces.

4.2.1 Position Construction
As shown in the lower-right part of Fig. 2, for each
encoder convolution layer output frame ft, we con-
struct a position vector consisting of one temporal
index ψtime and four speaker-dependent indices
ψspks . Meanwhile, we partition the ft’s channel
dimension D into groups of 16 dimensions. Within
each group, the 8 rotary pairs are assigned ψ in an
interleaved manner: [ψtime, ψspk1 , ψtime, ψspk2 ,
ψtime, ψspk3 , ψtime, ψspk4]. For the temporal posi-
tion, we use the temporal index:

ψtime(ft) = t, t ∈ {0, 1, . . . , T − 1} (7)

For the speaker-dependent indices, to capture
both within-speaker continuity and speaker-turn,
we define a cumulative speaker-turn counts C. It
first obtain a binary activity indicator with a small
threshold τ (e.g., if πt−1,s = 0.03 and πt,s = 0.8,
then at−1,s = 0 and at,s = 1):

at,s = I[πt,s ⩾ τ ], τ = 0.1 (8)

1silence; single-speaker sets {1}, {2}, {3}, {4}; two-
speaker overlaps {1, 2}, . . . , {3, 4}; three-speaker overlaps
{1, 2, 3}, . . . , {2, 3, 4}; and {1, 2, 3, 4}.
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It then detect rising edges (i.e., a speaker starts
speaking means a new turn segment / turn) and
accumulate them:

rt,s = at,s(1− at−1,s), a0,s = 0

Ct,s =
t∑

i=0

ri,s
(9)

Finally, the speaker position index is composed
of the cumulative speaker-turn counts Ct,s and a
within-turn activity:

ψspks(ft) = Ct,s + πt,s (10)

In addition, to encourage subsequent self-
attention to focus more on the active-speaker com-
ponents in the Query, we introduce an extra, dy-
namic phase bias on the Query in speaker sub-
spaces:

ψ
′
spks(ft) = ψspks(ft) +

(
1− πt,s

)
(11)

note we apply the bias only to Query while keeping
Key unchanged.

4.2.2 TS-RoPE-Based Self-Attention
Let qf ′

t
,kft ∈ RD denote the Query and Key vec-

tors at frame f ′t and ft. For the i-th rotary pair, if
the pair in time region, the rotation angle is defined
as:

θft,i = ψtime(ft)ωi, θf ′
t ,i

= ψtime(f
′
t)ωi (12)

if the pair in speaker region:

θft,i = ψspks(ft)ωi, θf ′
t ,i

= ψ
′
spks(f

′
t)ωi (13)

where ωi is the corresponding inverse frequency
(all 8 rotary pairs within the same group share the
same ω):

ωi =
1

10000
2i
D

, i = 0, 1, . . . ,
D

16
− 1 (14)

The rotary transformation R is applied simulta-
neously to the Query and Key:

R(xft)i =

[
xft,2i cos θft,i − xft,2i+1 sin θft,i
xft,2i sin θft,i + xft,2i+1 cos θft,i

]
,

xft ∈ {qf ′
t
,kft}

(15)
After applying TS-RoPE, the attention weight

between frames f ′t and ft can be written as

Attn(f ′t , ft) ∝
〈
R(qf ′

t
),R(kft)

〉
(16)

By coupling temporal positions with cumula-
tive speaker phases, the resulting attention jointly
captures temporal and speaker dynamics, yielding
a fused representation E that aligns “who” and
“when” cues for the subsequent Structured Content
Predictor.

4.3 Structured Content Predictor
As shown in the upper-left part of Fig. 2, For the
output content of TellWhisper, we adopt a segment-
level structured modeling strategy. Specifically,
temporally contiguous speech regions produced by
the same speaker are treated as individual speech
segments, each represented by an ordered sequence
of tokens: ⟨spks⟩, ⟨tstart⟩, ⟨text⟩, and ⟨tend⟩. All
speech segments from different speakers are con-
catenated in chronological order to form the fi-
nal target sequence. For modeling, we employ
a language-model-based autoregressive framework,
treating the structured representation as a unified
token sequence and training it using next-token
prediction. During decoding, the model generates
tokens sequentially conditioned on the encoded au-
dio representations until the end-of-sequence token
⟨EOS⟩ is produced.

5 Experiments

To validate the effectiveness of the proposed Tell-
Whisper in MASR task, we conduct comprehensive
experiments. In addition, to assess the reliability of
speaker activity produced by Hyper-SD, we carry
out comprehensive evaluations on the SD task. In
this section, we describe the experimental setup
from the perspectives of Datasets, Metrics, Base-
line Models and Training Strategy.

5.1 Datasets
For the MASR task, we select four English multi-
speaker datasets for training and evaluation. AMI
(SDM) (Kraaij et al., 2005) and NotSoFar (Vin-
nikov et al., 2024) are collected from real-world
multi-party meetings and recorded in far-field con-
ditions, whereas Libri2Mix (Cosentino et al., 2020)
and LibriCSS (Chen et al., 2020) are simulated.
We also use single-utterance LibriSpeech (Panay-
otov et al., 2015) for preliminary fine-tuning be-
fore MASR training. For the SD task, we use six
datasets for training and evaluation: AISHELL4 (Fu
et al., 2021), AliMeeting (Yu et al., 2022), AMI, MS-
DWild (Liu et al., 2022), RAMC (Yang et al., 2022),
and VoxConverse (Chung et al., 2020), all consist-
ing of real-world multi-speaker conversations. For
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detailed statistics (speech duration, overlap dura-
tion, and number of speakers), please refer to the
Appendix A.1.

5.2 Metrics
To evaluate MASR in multi-speaker settings, con-
ventional word error rate (WER) is inadequate, as
it fails to address speaker-permutation ambiguity
and temporal misalignment. Using the Meeteval
toolkit2, we report four metrics: (1) Concatenated
minimum-permutation WER (CP-WER), measur-
ing content accuracy with speaker attribution. (2)
Time-constrained minimum-permutation WER
(TCP-WER), adding temporal constraints to assess
consistency of content, speaker, and time. (3) Opti-
mal reference combination WER (ORC-WER), a
speaker-independent WER. (4) Time-constrained
ORC-WER (TCORC-WER), adding temporal con-
straints to ORC-WER. For TCP-WER and TCORC-
WER, we set the collar to 0.5, i.e., a small forgive-
ness window around reference boundaries where
timing deviations are ignored.

For SD, we use diarization error rate (DER) with
collar settings of 0.0 and 0.5.

5.3 Baseline Models
To comprehensively evaluate TellWhisper on the
MASR task, we benchmark it against three cate-
gories of state-of-the-art baselines: (1) Alignment-
based models, including Pyannote3 3+Whisper and
Hyper-SD+Whisper, which align and integrate the
outputs of speaker diarization and a single-speaker
ASR model via timestamps. (2) Separation-based
model, Tiger (Xu et al., 2024)+Whisper, which
first extracts the target speaker’s speech using the
high-performing speech separation model and then
performs single-speaker recognition. (3) Single-
stage prediction–based model, including Whisper-
D (fine-tuned directly from a single-utterance ASR
model), SortFormer (Park et al., 2024) (adding
speaker posteriors to the speech-encoder outputs),
Dicow (Polok et al., 2025) (applying speaker masks
before speech encoding) and TellWhisper-Diarizen
(replace Hyper-SD with Diarizen). For a fair com-
parison, all baselines are trained and fine-tuned on
the same backbone as TellWhisper, i.e., Whisper
large-v3-turbo 4.

To assess the reliability of Hyper-SD on the
speaker diarization task, we compare it with two

2https://github.com/fgnt/meeteval
3https://github.com/yinruiqing/pyannote-whisper
4https://huggingface.co/openai/whisper-large-v3-turbo

leading open-source models, Pyannote3 5 and Di-
arizen (Han et al., 2025), both of which operate in
Euclidean space. The former uses convolutional
and linear layers, whereas the latter uses WavLM,
Conformer, and a linear layer.

5.4 Training Strategy
We initialize TellWhisper with the pretrained Whis-
per large-v3-turbo 4 and freeze the first two con-
volutional layers of the encoder. To match Di-
cow’s training setup, we adopt a two-stage fine-
tuning strategy: we first pre-fine-tune on single-
speaker speech to learn structured content pre-
diction for a single speaker, and then fine-tune
on multi-speaker conversational speech to learn
structured content prediction for multiple speakers.
We apply the same training pipeline to Whisper-
D and SortFormer. The models are trained with
token-level cross-entropy using the AdamW opti-
mizer (Loshchilov and Hutter, 2017).

For Hyper-SD, we initialize the WavLM back-
bone with WavLM-Large 6 and train on conver-
sational data using NLLLoss. We optimize the
hyperbolic classifier with RiemannianAdam (Yun
and Yang, 2023) and the remaining components
with AdamW, employing a smaller learning rate
for WavLM and a larger one for the other modules.

6 Results and Discussions

DER (↓)
ζ=0s ζ=0.25s ζ=0s ζ=0.25s ζ=0s ζ=0.25sModels

AMI AISHELL4 AliMeeting
Pyannote3▲ 22.60 15.41 11.96 6.27 24.40 15.67
Diarizen▲ 13.99 9.00 9.94 4.78 13.03 5.98
Hyper-SD 13.62 8.82 9.52 4.44 10.76 4.59

Models MSDWild RAMC VoxConverse
Pyannote3▲ 21.73 12.25 20.91 12.97 11.18 6.81
Diarizen▲ 12.33 5.09 11.20 6.54 9.19 5.74
Hyper-SD 12.28 4.79 10.94 6.48 8.75 5.21

Table 1: Speaker diarization results of Hyper-SD on
conversational speech. The symbol ▲ denotes models
operating in Euclidean space. ζ is the collar.

In this section, we comprehensively evaluate
TellWhisper. We first validate the diarization capa-
bility of Hyper-SD and the reliability of its speaker-
activity estimates. We then evaluate TellWhisper
on MASR for jointly predicting speakers, times-
tamps, and transcribed content. To quantify the
contribution of each TS-RoPE component, we con-
duct ablation studies. Finally, we visualize the

5https://huggingface.co/pyannote/speaker-diarization-
3.1

6https://huggingface.co/microsoft/wavlm-large
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CP-WER (↓) TCP-WER (↓)Models
Libri2Mix AMI NotSoFar LibriCSS Libri2Mix AMI NotSoFar LibriCSS

Processing: speaker diarization + single-speaker speech recognition (results alignment)
Pyannote3+Whisper¶ 62.05 59.58 69.85 44.34 62.08 61.21 70.89 44.74
Hyper-SD+Whisper¶ 61.23 58.51 67.22 42.51 61.25 59.62 67.84 42.68
Processing: speech decoupling → single-speaker speech recognition

Tiger+Whisper¶ 37.96 - - - 37.97 - - -
Processing: multi-speaker speech recognition

Whisper-D¶ 14.48 35.23 38.04 12.41 14.57 36.86 38.15 12.58
SortFormer¶ 14.62 34.24 36.54 12.16 14.76 35.96 36.73 12.88

Dicow¶ 14.34 33.57 35.22 10.62 14.35 34.02 35.64 11.33
TellWhisper-Diarizen 14.45 33.12 34.81 9.93 14.87 33.72 34.86 11.15

TellWhisper (ours) 14.39 32.53 34.48 9.88 14.61 33.47 34.51 11.06

Table 2: Multi-speaker ASR results of TellWhisper on conversational speech. CP-WER measures content + speaker,
TCP-WER measures time + content + speaker. The symbol ¶ denotes absolute positional encoding.

OCR-WER (↓)
Models

Libri2Mix AMI NotSoFar LibriCSS
Whisper-D¶ 14.39 34.16 35.67 11.96
SortFormer¶ 14.51 33.11 34.52 11.73

Dicow¶ 13.34 32.83 32.20 9.43
TellWhisper-Diarizen 13.46 31.35 32.52 9.16
TellWhisper (ours) 13.32 30.72 32.31 9.14

TCORC-WER (↓)
Models

Libri2Mix AMI NotSoFar LibriCSS
Whisper-D¶ 14.40 35.81 34.24 12.25
SortFormer¶ 14.55 34.57 35.21 12.42

Dicow¶ 13.36 33.53 32.43 11.05
TellWhisper-Diarizen 13.83 32.11 32.45 10.47
TellWhisper (ours) 13.67 31.87 32.36 10.42

Table 3: Multi-speaker ASR results of TellWhisper
on conversational speech. CP-WER measures content,
TCP-WER measures time + content. The symbol ¶ de-
notes absolute positional encoding.

distribution of Hyper-SD class prototypes in hyper-
bolic space. In Appendix B, we further provide
qualitative case studies on the impact of Hyper-
SD’s curvature hyperparameter c on classification
performance, as well as TellWhisper’s recognition
performance under different overlap ratios.

6.1 Verifying the Reliability of Hyper-SD

In this experiment, we compare against Pyannote3
and Diarizen. Table 1 reports DER under two col-
lar settings (0 s and 0.25 s). Overall, Hyper-SD
attains the best DER on all datasets for both collars,
indicating robust and consistent gains. In particular,
both Diarizen and Hyper-SD markedly outperform
Pyannote3, indicating that WavLM-based encoders
can extract richer speaker-related acoustic infor-
mation from speech frames than CNN-based struc-
ture. Compared with Diarizen, Hyper-SD yields
the largest improvement on AliMeeting (the im-
provement is 2.27 when c = 0 s and 1.59 when
c = 0.25 s), indicating more robust speaker sepa-
rability and activity estimation in challenging real

meeting conditions. Consistent improvements are
also observed on other datasets, e.g.,AMI(13.99
→ 13.62; 9.00 → 8.82) and AISHELL4 (9.94 →
9.52; 4.78 → 4.44). These results indicate that
classifying learned speech representations in hyper-
bolic space is more effective than performing linear
classification directly in Euclidean space. This fur-
ther supports the reliability of its speaker-activity
estimation, providing a more stable prior for subse-
quent “who speaks when” modeling in MASR.

6.2 Evaluating the Performance of
Multi-Speaker Speech Recognition

In the MASR experiments, we evaluate on four
datasets, and the results in Table 2 exhibit a
clear hierarchy across paradigms. The “diariza-
tion + single-speaker ASR” pipeline performs
worst, indicating strong sensitivity to upstream
separation/alignment errors and error propaga-
tion. Tiger+Whisper reduces Libri2Mix WER
to 37.96/37.97, yet still falls behind direct multi-
speaker recognition. Among single-stage systems,
TellWhisper achieves the best performance and
TellWhisper-Diarizen the second-best on AMI,
NotSoFar, and LibriCSS, consistently surpassing
Dicow while also reducing TCP-WER, suggesting
improved speaker attribution without compromis-
ing timestamp accuracy. TellWhisper further out-
performs TellWhisper-Diarizen on all datasets (e.g.,
WER −0.59/− 0.25 on AMI), confirming the ben-
efit of Hyper-SD. On fully overlapped Libri2Mix,
our approach matches the strongest baseline, with
larger gains on real meetings. This is likely due
to Libri2Mix’s construction: overlap starts at time
zero and each speaker has a single utterance, result-
ing in no speaker-turn transitions. As TS-RoPE tar-
gets speaker-aware temporal dynamics, such struc-
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CP-WER (↓) TCP-WER (↓)
Models

Libri2Mix AMI NotSoFar LibriCSS Libri2Mix AMI NotSoFar LibriCSS
TellWhisper ( A⃝) 14.39 32.53 34.48 9.88 14.61 33.47 34.51 11.06
A⃝ w/o M_query ( B⃝) 15.13 35.02 36.27 10.82 15.38 35.26 37.13 12.61
B⃝ w/o M_speaker-turn ( C⃝) 15.53 36.22 38.13 11.68 15.60 36.68 39.23 12.84
C⃝ w/o M_activity 15.48 36.84 39.54 12.32 15.50 36.89 39.63 12.75

Table 4: Ablation results of TellWhisper, where Mquery denotes the extra angular rotation applied to the Query
speaker region, Mspeaker-turn denotes cumulative speaker-turn counts, and Mactivity denotes speaker activity.

ture offers limited headroom for further WER re-
ductions, while remaining competitive under ex-
treme overlap.

Table 3 further corroborates this conclusion from
a content-centric perspective: TellWhisper reduces
OCR-WER to 30.72 / 9.14 on AMI / LibriCSS and
achieves the lowest TCOCR-WER on AMI / Not-
SoFar / LibriCSS (31.87 / 32.36 / 10.42), with only
a slight degradation relative to Dicow on Libri2Mix.
Overall, TellWhisper’s advantages are most evident
in real meeting and conversational scenarios with
more frequent overlap and more complex speaker
turns, demonstrating stronger speaker modeling
and more robust temporal alignment.

6.3 Ablation Results

We ablate the design of speaker-region positional
indices in TS-RoPE. As shown in Table 4, with
all components enabled, TellWhisper achieves op-
timal performance on both CP-WER and TCP-
WER. Removing the extra Query-side phase bias
(w/o Mquery) consistently degrades performance
(CP-WER +0.74∽2.49; TCP-WER +0.77∽2.62),
suggesting this Query-only phase encourages at-
tention to emphasize active speakers, improving
speaker assignment and temporal alignment. Fur-
ther removing the cumulative speaker-turn counts
(w/o Mspeaker-turn) causes larger drops (CP-WER
+1.14∽3.69; TCP-WER +0.99∽4.72), especially
on AMI/NotSoFar , highlighting the importance
of cumulative turn information for continuity and
turn boundaries. When removing posterior-based
activity cues in the speaker region (w/o Mposterior),
performance drops most severely (NotSoFar CP-
WER / TCP-WER +5.06 / +5.12), indicating poste-
riors are the key signal for identifying active speak-
ers and maintaining stable alignment.

6.4 Visualization Results

As SD requires frame-level assignment to speaker
classes, it primarily relies on fine-grained discrimi-
native structure rather than an abstract-to-specific
hierarchy. We therefore visualize the learned pro-
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Figure 3: Visualization of hyperbolic distances among
the 16 class prototypes and their distances to the origin
in hyperbolic-space-based speaker activity estimation.

totypes by plotting their pairwise hyperbolic dis-
tance matrix together with each prototype’s radial
distance to the origin. As shown in Fig. 3, the inter-
prototype distances are largely uniform (around 11-
12, right) and the radii vary within a narrow range
(around 6.0-6.2, left), indicating that the prototypes
are well separated and exhibit no clear hierarchical
stratification.

7 Conclusion

We present TellWhisper, a unified framework for
multi-speaker automatic speech recognition that
couples temporal structure with speaker dynamics
in the speech encoder. The core of TellWhisper is
TS-RoPE, a time-speaker-aware rotary encoding
that partitions Query/Key channels into temporal
and speaker subspaces and applies region-specific
rotations to align “when” and “who” cues in self-
attention. TS-RoPE uses frame-level speaker activ-
ity to build speaker coordinates that capture within-
speaker continuity and turn transitions. For reliable
activity estimates, Hyper-SD performs prototype-
based speaker-combination classification in hy-
perbolic space and derives activity from feature-
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prototype distances. Experiments show TellWhis-
per improves recognition accuracy, speaker attribu-
tion, and time consistency, while Hyper-SD de-
livers robust diarization and stable activity pri-
ors. These results indicate time-speaker-aware po-
sitional modeling and geometry-aware classifica-
tion effectively support multi-speaker speech un-
derstanding.

Limitations

(1) The number of supported speakers is lim-
ited. In this work, TS-RoPE is designed for 1-
4 speaker scenarios, consistent with the settings
in SortFormer and DiCoW. We further extend the
model to accommodate more speakers in future
work. (2) The geometric consistency of Hyper-
SD remains to be improved. At present, we per-
form hyperbolic classification only after feature
extraction, leaving the encoder and the hyperbolic
classifier in mismatched embedding spaces. In fu-
ture work, we investigate end-to-end hyperbolic
learning that encodes features directly in hyper-
bolic space using hyperbolic neural networks.
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work are sourced from publicly available corpora
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Technical Appendix

In this technical appendix, we provide additional
details of TellWhisper for reference, including ex-
perimental settings and supplementary results.

A More Details of Experiments

In this section, we provide additional experimental
details, including the datasets, experimental setup.

A.1 Datasets
Statistics of the four MASR datasets are summa-
rized in Table 5, including the duration breakdown
of the training, validation, and test splits, as well
as the proportion of overlapping speech in each
dataset. Among them, Libri2Mix exhibits the high-
est overlap ratio, mainly because each utterance is
constructed by mixing two single-sentence record-
ings from different speakers, resulting in overlap

Datasets Split Speech
Duration

Overlap
Duration

Max
Speaker

AMI
train 65.81 8.59 4
dev 7.69 1.06 4
test 7.39 1.04 4

NotSoFar
train 31.15 6.80 4
dev 13.99 3.51 4
test 15.99 3.95 4

Libri2Mix
train 346.88 264.82 2
dev 7.23 4.21 2
test 2.16 1.42 2

LibriCSS
dev 1.00 0.07 4
test 8.66 0.60 4

Table 5: Statistics of the MASR datasets, including
speech duration (h), overlapped-speech duration (h),
and the maximum number of speakers.

Datasets Split Speaker proportion
1 2 3 4

AMI
train 12.67 24.75 33.51 29.07
dev 12.41 21.75 30.85 34.99
test 14.59 23.09 32.36 29.96

NotSoFar
train 1.95 6.56 17.97 73.52
dev 2.19 8.11 16.43 73.25
test 3.83 8.35 24.51 63.31

Libri2Mix
train 0.00 100.00 0.00 0.00
dev 0.00 100.00 0.00 0.00
test 0.00 100.00 0.00 0.00

LibriCSS
dev 10.64 29.13 30.48 29.75
test 11.85 28.64 30.68 28.83

Table 6: Speaker-count distribution of the multi-speaker
ASR datasets, reporting the proportion (%) of utterances
with each number of speakers in each dataset.

starting from time 0:00. In addition, to match
the TS-RoPE setting in our model, we segment
all datasets such that each utterance contains at
most four speakers (i.e., 1-4 speakers). As shown
in Table 6, each dataset includes multi-speaker ut-
terances with different speaker-count distributions.

Statistics of the six SD datasets are reported in
Table 7, including total speech duration, overlap-
ping speech duration, and the maximum number
of speakers. During Hyper-SD training, we store
time-stamped supervision in RTTM format. Each
training chunk contains 799 frames, and we addi-
tionally impose an upper bound on the number of
speakers per segment (i.e., 4 speakers).

A.2 Experimental Setup

As shown in Table 8, we report the key hyperparam-
eters of the main modules in TellWhisper. During
training, we adopt different optimizers and learning
rates for different components. (1) Speaker Activ-
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Datasets Split Speech
duration

Overlap
duration

Max
speaker

train 97.22 87.44 7
dev 9.36 0.76 7AISHELL4
test 11.51 0.57 7
train 64.98 8.72 5
dev 7.00 0.99 4AMI
test 7.29 1.06 4
train 103.44 29.71 4
dev 3.88 0.84 4AliMeeting
test 9.91 2.02 4
train 58.67 6.84 10
dev 6.15 0.72 7MSDWild
test 7.07 0.76 9
train 128.68 1.20 10
dev 8.23 0.04 2RAMC
test 17.19 0.14 2
train 16.98 0.63 20
dev 1.93 0.08 15VoxConverse
test 38.99 1.19 21

Table 7: Statistics of the speaker diarization datasets,
including speech duration, overlapped-speech duration,
and the maximum number of speakers.

ity Estimation (Hyper-SD). Optimizing parameters
in hyperbolic space is a manifold-constrained prob-
lem with curvature, where standard Adam/AdamW
(which performs Euclidean gradient updates) may
lead to incorrect update directions, drifting off the
manifold, and numerical instability. Therefore, for
the hyperbolic speaker prototypes, we use Rieman-
nian Adam, which performs Adam-style updates on
the hyperbolic manifold, resulting in more stable
optimization and faster convergence. The learning
rate is set to 1× 10−3. For the WavLM parameters,
we use AdamW with a learning rate of 2×10−5; all
remaining parameters are optimized with AdamW
using a learning rate of 1×10−3. (2) Speaker-Time
Aware Encoder and Structured Content Predictor.
We use AdamW with a learning rate of 1 × 10−5

and ϵ = 1× 10−8. All experiments are conducted
on eight NVIDIA H20 GPUs.

B More Details of Results

B.1 Hyperparameter Selection

Fig.4 presents the change in DER induced by vary-
ing the hyperbolic curvature parameter c, mea-
sured against the default c = 1.0 as ∆DER =
DER(c) − DER(1.0), and compared under col-
lar tolerances ζ ∈ {0, 0.25} s. We observe that
across six speaker diarization datasets, c = 1.0
consistently yields the lowest DER under both col-
lar settings. In contrast, c = 0.5 and c = 1.5 lead

Module Hyperparameter Value
Frame-level Speaker Activity Estimator (Hyper-SD)

wavlm_layer_num 25
WavLM

wavlm_feat_dim 1024
attention_in 256
num_head 4Conformer
use_posi false

input_dim 256Hyperbolic
Projection output_dim 128

hyperbolic_dim 128
margin 0.3

Hyperbolic
classifier

num_classes 16
Speaker–Time Aware Encoder

text_n_vocab 51866
speech_sample_rate 16000Tokenizer

speech_n_mels 128
d_model 1280

attention_heads 20
speaker_activity 0-1

T 1500
ffn_dim 5120

Self-Attention+MLP

layers (N) 32
Structured Content Predictor

attention_heads 20
ffn_dim 5120
layers 4

start_token_id 50258
Decoder

eos_token_id 50257

Table 8: Partial hyperparameters of the TellWhisper.

to uniform degradation on all datasets (i.e., ∆DER
is positive throughout). In particular, the degrada-
tion is most pronounced on AISHELL4; MSDWild,
VoxConverse, and RAMC also show large ∆DER,
suggesting that Hyper-SD is sensitive to curvature-
related hyperparameters. We attribute this trend
to the joint influence of c on the geometric proper-
ties of the hyperbolic manifold and its numerical
behavior: under the commonly used Poincaré-ball
parameterization, c > 0 controls the magnitude
of negative curvature and the distance scale (i.e.,
the degree of “expansion” of the space), and as
c→ 0, the geometry gradually degenerates to Eu-
clidean. Therefore, a smaller c makes the space
closer to Euclidean geometry, weakening the hyper-
bolic advantage in separating nearby classes (sim-
ilar speaker representations), which may reduce
inter-class/prototype separability; conversely, an
excessively large c increases curvature and makes
distances more sensitive to position, especially near
the ball boundary, thereby amplifying numerical
errors and destabilizing manifold operations and
optimization. Overall, c = 1.0 provides a better
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Figure 4: Comparison of DER increases relative to c =
1.0 under different hyperbolic-space negative-curvature
parameter settings c (collar(ζ) = 0 s / 0.25 s).

trade-off between representational capacity and op-
timization stability, and we therefore use c = 1.0
as the default in Hyper-SD.

B.2 Case Study
B.2.1 TellWhisper Performance on

Overlapping Speech
As shown in Fig. 5 and 6, we conduct a qualitative
case study on LibriCSS to examine model behav-

ior under varying overlap ratios (0%–30%), focus-
ing on speaker assignment, temporal alignment,
and content transcription. Overall, TellWhisper re-
mains robust as overlap increases and continues
to produce coherent, well-structured outputs. In
terms of content, the predicted transcripts largely
preserve the semantics of the ground truth, with
mismatches typically limited to occasional word-
level substitutions in highly overlapped regions.
Regarding temporal alignment, the model generally
provides reasonable start/end boundaries. Higher
overlap may lead to slightly finer-grained segmen-
tation or minor boundary shifts, yet the overall
timing remains well aligned. For speaker attri-
bution, predictions are consistently accurate un-
der low-to-moderate overlap, while the few con-
fusions observed at higher overlap are mostly lo-
calized around overlap windows and do not sub-
stantially disrupt the global conversational struc-
ture. Taken together, these visualizations suggest
that although heavy overlap increases local am-
biguity, our TellWhisper maintains strong perfor-
mance across speaker, time, and content dimen-
sions, demonstrating good robustness under chal-
lenging multi-speaker conditions.
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Overlap ratio: 0%

Spk-0 <|00.00|> <|03.36|> husband the next thing to a wife 
Spk-1 <|06.26|> <|10.35|> can you imagine why buckingham has been so violent i suspect 
Spk-0 <|13.26|> <|15.79|> cried the ladies whose departure had been fixed 
Spk-2 <|18.70|> <|29.92|> i can set to work now to remember things i never remembered before such as what i had
to eat for breakfast this morning and it can hardly be wholly habit that enables me to do this

Spk-0 <|00.00|> <|03.32|> husband the next thing to a wife 
Spk-1 <|06.32|> <|10.26|> can you imagine why buckingham has been so violent i suspect 
Spk-0 <|13.28|> <|15.77|> cried the ladies whose departure had been fixed 
Spk-2 <|18.71|> <|22.76|> i can set to work now to remember things i never remembered before 
Spk-2 <|22.91|> <|25.84|> such as what i had to eat for breakfast this morning
Spk-2 <|26.06|> <|29.91|> and it can hardly be holy habit that enables me to do this

Overlap ratio: 10%

Spk-0 <|00.00|> <|01.70|> that is what you would like to be doing is it 
Spk-1 <|01.09|> <|13.81|> then they sped in great haste for the door and the goat gave a final butt that  sent the row
of royal ladies all diving into the corridor in another tangle whereupon they shrieked in a manner that terrified
everyone within sound of their voices 
Spk-2 <|14.15|> <|22.01|> another preacher after reproaching him to his face with his misgovernment ordered this
psalm to be sung 
Spk-0 <|21.24|> <|28.38|> but the windows are patched with wooden panes and the door i think is like the gate it is
never opened

Spk-0 <|00.00|> <|01.68|> that is what you would like to be doing is it 
Spk-1 <|01.00|> <|13.82|> then they sped in great haste for the door and the goat gave a final butt that sent the
row of royal ladies all diving into the corridor in another tangle whereupon they shrieked in a manner that terrified
every one within sound of their voices
Spk-2 <|14.00|> <|21.94|> another preacher after reproaching him to his face with his misgovernment ordered this
psalm to be sung
Spk-0 <|21.31|> <|24.01|> but the windows are patched with wooden panes 
Spk-0 <|24.37|> <|26.72|> and the door i think is like the gate
Spk-1 <|27.36|> <|28.35|> it is never opened
 

Ground-truth transcript:

Predicted transcript:

Ground-truth transcript:

Predicted transcript:

Figure 5: Example transcripts on LibriCSS at 0% and 10% overlap.
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Overlap ratio: 20%
Ground-truth transcript:

Predicted transcript:

Spk-0 <|00.00|> <|03.18|> i suppose it is the wet season will you have to cut them too
Spk-1 <|02.20|> <|16.54|> but they dragged him out of the room and up the stairs into the loft and here in a dark
corner where no daylight could enter they left him
Spk-0 <|15.48|> <|19.27|> she asked impulsively i did not believe you could persuade her father
Spk-2 <|18.26|> <|23.79|> since christ was given for our sins it stands to reason that they cannot be put away by our
own efforts
Spk-3 <|23.55|> <|25.54|> why should he not be as other men
Spk-2 <|25.16|> <|28.18|> we think that by some little work or merit we can dismiss sin
Spk-3 <|27.76|> <|29.85|> cotton she paused

Spk-0 <|00.00|> <|03.10|> i suppose it is the wet season will you have to cut them two
Spk-1 <|01.00|> <|16.48|> night but they dragged him out of the room and up the stairs into the loft and here in a
dark corner where no daylight could enter they left him
Spk-0 <|15.54|> <|19.24|> she asked impulsively i did not believe you could persuade her father
Spk-2 <|18.00|> <|23.64|> since christ was given for our sins it stands to reason that they could not be put away by
our own efforts
Spk-3 <|23.60|> <|25.50|> why should he not be as other men
Spk-2 <|25.20|> <|28.14|> we think that by some little work or merit we can dismiss some
Spk-3 <|27.80|> <|28.58|> cotton
Spk-3 <|29.08|> <|29.83|> she paused

Overlap ratio: 30%

Spk-0 <|00.00|> <|07.13|> uncas who had already approached the door in readiness to lead the way now recoiled
and placed himself once more in the bottom of the lodge
Spk-1 <|05.09|> <|14.93|> the free state men clung to their prairie towns and prairie ravines with all the obstinacy
and courage of true defenders of their homes and firesides
Spk-2 <|11.65|> <|28.78|> i see a quantity of chairs for hire at the rate of one sou men reading the newspaper under
the shade of the trees girls and men breakfasting either alone or in company waiters who were rapidly going up and
down a narrow staircase hidden under the foliage

Spk-0 <|00.00|> <|07.14|> unkus who had already approached the door in readiness to lead the way now recoiled
and placed himself once more in the bottom of the lodge
Spk-1 <|05.06|> <|08.82|> the three state man clung to their prairie towns and prairie ravines
Spk-1 <|09.23|> <|14.92|> with all the obstinacy and courage of true defenders of their homes and firesides
Spk-2 <|11.68|> <|15.34|> i see a quantity of chairs for hire at the rate of one sou
Spk-2 <|16.16|> <|18.96|> men reading the newspaper under the shade of the trees
Spk-2 <|19.56|> <|23.14|> girls and men breakfasting either alone or in company
Spk-2 <|23.68|> <|28.68|> waiters who were rapidly going up and down a narrow staircase hidden under the foliage

Ground-truth transcript:

Predicted transcript:

Figure 6: Example transcripts on LibriCSS at 20% and 30% overlap.
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