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ABSTRACT

Target speaker extraction (TSE) aims at isolating a desired target
speaker from a mixture of multiple speakers, based on a short en-
rollment utterance of the target speaker. In LExt, a recent onset-
prompted TSE method obtaining state-of-the-art performance, it is
observed that longer prompts often help but the encoder and separa-
tor have to process longer sequences, which increases computation,
and the performance often drops when the enrollment is clean while
the mixture is noisy-reverberant. To address these issues, we pro-
pose LExTra, an extension of LExt which combines folded prompt
conditioning with split-role multi-head attention. The folded prompt
divides an enrollment into equal-length sub-segments, prepends each
sub-segment to a copy of the mixture, and stacks the prepended mix-
ture along a pseudo channel axis. This way, the backbone of the TSE
model sees an enrollment utterance with shorter time span while
still capable of exploiting the full enrollment. Split-role attention
assigns some attention heads to the cross-attention from mixture to
enrollment to extract speaker cues, and assigns the remaining ones
to mixture self-attention to preserve stream coherence. We find that
this mechanism can improve the robustness of TSE when there are
acoustic mismatches between the enrollment and mixture. Evalu-
ation results on the WSJ0-2mix and WHAMR! datasets show the
effectiveness of LExTra.

Index Terms— Target speaker extraction, onset-prompted
speech separation

1. INTRODUCTION

In multi-speaker scenarios, such as meetings, conversational set-
tings, and public venues, it is often needed to isolate the speech
of a single targeted speaker from a recording containing concurrent
speech by multiple speakers. Target speaker extraction (TSE) [1–5]
addresses this task: given a short enrollment utterance from the tar-
geted speaker, the system extracts that speaker’s speech from a mix-
ture containing interfering speech signals. Compared to speech sep-
aration (SS), which blindly separates all sources [6–13], TSE gets rid
of the well-known permutation ambiguity problem [8,14] by directly
conditioning on the speaker characteristics of the targeted speaker to
extract the speech of the targeted speaker.

∗This work was done while P. Shen was a visiting student at SUSTech.
This research was supported by Inner Mongolia Natural Science Founda-
tion (Grant No. 2025LHMS06005), CCF-Lenovo Research Fund (Grant No.
20240203), and National Key Research and Development Program of China
(Grant No. 2025YFF0518003). Corresponding author: Zhong-Qiu Wang.

However, TSE is typically more challenging than SS, since en-
rollment utterances and mixtures may come from different acous-
tic environments (e.g., clean vs. noisy and reverberant), and ex-
tracted signals may suffer from speaker confusion errors [15, 16]
when the interferers share similar speech characteristics with the tar-
get speaker. These difficulties make robust TSE a particularly de-
manding and challenging research problem, despite its advantages
over conventional separation.

A widely-adopted TSE strategy is to encode the enrollment ut-
terance into a fixed-length speaker embedding, most commonly an
x-vector [17] or a d-vector [18], and to fuse this embedding with
mixture features to steer the TSE model [15,19–22]. The fusion may
be performed via early concatenation with mixture features [15],
gating or adaptive-filtering mechanisms that modulate mixture fea-
tures [2,19], or a more recent attention-based scheme [23,24]. Meth-
ods driven by speaker embeddings are appealing for their modular-
ity: the speaker embedding is computed once for each speaker and
the TSE system can be reused for rapid adaptation to new speak-
ers. Recent overviews [25–27] summarize several weaknesses when
the entire enrollment is compressed into a single, fixed-length vector
and then fused with mixture features. First, fixed-length embeddings
discard temporal structure within the enrollment and can limit the
granularity of speaker cues, which motivates stronger feature-level
interactions beyond a single vector [25–27]. Second, the effective-
ness of the embedding highly depends on the quality and duration
of the enrollment. Short or low-SNR enrollments degrade the relia-
bility of the extracted speaker embeddings [25, 26]. Third, when the
enrollment and mixture are recorded in acoustically-different condi-
tions, the fusion stage can propagate domain mismatches and even
let noise or reverberation leak into the conditioning pathway, which
hurts extraction and increases speaker confusion [25]. These obser-
vations have motivated designs that keep richer interactions between
enrollment and mixture features or that explicitly account for acous-
tic mismatches.

To address these challenges, a line of research has explored
moving away from fixed-length speaker embeddings, instead lever-
aging variable-length speaker embeddings [28–31]. In particular,
Xiao et al. [28] proposed a method that first extracts embedding
sequences from both the mixture and the enrollment utterance. A
cross-attention mechanism is then applied, where each embedding
in the mixture sequence serves as a query, and the embeddings
from the enrollment sequence act as keys and values. This process
produces a new embedding sequence that, by design, has the same
length as the original mixture embedding sequence. More recently,
LExt [32] introduced a prompt-based approach, which prepends the
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enrollment to the mixture and trains a strong deep neural network
(DNN) to predict the target speech based on the resulting mixture.
The prepended enrollment could act as a prompt to help the DNN
identify and reconstruct the target speaker. Although LExt is very
simple, it achieves strong TSE performance.

Although being simple and effective, LExt has two limitations.
First, longer prompts usually carry richer target cues and often im-
prove extraction performance. However, prepending the prompt
to mixture forces the encoder and sequence modeling blocks of
the DNN to process more frames. This increases computation and
memory, and it can raise end-to-end latency because the whole
prompt plus mixture must traverse the DNN backbone before de-
coding. In models with temporal attention, the prepended frames
also expand the attention window and further increase the compu-
tational load. In short, the gains from longer prompts come with
a proportional computational cost. Second, in many applications
the enrollment is recorded in a clean condition with little or no
reverberation and noise, while the mixture contains background
noise, interfering speakers, and room reverberation. Using a clean
enrollment segment as the prompt introduces a domain mismatch
with the noisy-reverberant mixture, which weakens the reliability of
the conditioning signal and may increase speaker confusion. This
mismatch is typical in benchmarks that explicitly add noise and re-
verberation to conversational speech, for example in WHAMR! [33].
Therefore, improving robustness to such mismatches is essential for
prompt-based TSE methods.

To address the limitations above, this paper introduces two com-
plementary techniques. First, long prompts improve target condi-
tioning but increase computation because they extend the input se-
quence. We propose a folded prompt scheme: a long onset prompt
is divided into short segments with equal length, each segment is
prepended to a copy of the mixture and encoded in parallel, and
the resulting segment features are then concatenated along a pseudo
channel dimension before the separator. This preserves full enroll-
ment coverage and keeps the temporal length seen by the backbone
nearly unchanged, which reduces attention cost and end-to-end la-
tency compared with using one long prompt. To handle acoustic
mismatches between enrollment and mixture, we design a split-role
attention block with two pathways: a speaker-aware pathway let-
ting mixture features attend to enrollment features to extract target-
specific cues and a context-aware pathway performing self-attention
within the mixture to model internal structure and temporal depen-
dencies. By separating identity modeling from stream coherence
modeling, the block avoids competition between objectives and im-
proves robustness under noisy-reverberant conditions, yielding more
consistent TSE.

2. METHOD

In TSE, the objective is to extract the speech of a targeted speaker
from a mixture of multiple overlapping speakers. The observed time-
domain mixture signal y can be formulated as

y = s+ v ∈ RN , (1)

where N is the number of time-domain samples, and s and v are
respectively the target speech and non-target signals. The non-target
signals include environmental noise, room reverberation and com-
peting speakers. To assist the extraction of the target speaker’s
speech, an enrollment utterance e ∈ RE is assumed provided. This
utterance is spoken by the same speaker as the target speech s,
but contains different content. The goal of TSE is to estimate the

clean target speech s based on y by leveraging the speaker-specific
information embedded in the enrollment utterance e.

In [32], an onset prompt strategy named LExt is proposed for
TSE. Instead of using a separate speaker embedding module, it con-
catenates enrollment and mixture signals in the time domain, and
trains a DNN to jointly model the speaker information in the en-
rollment and the spectro-temporal patterns in the mixture to perform
TSE. Compared with approaches such as USEF-TSE [31] that rely
on explicit cross-attention between mixture and enrollment, LExt
employs a cleaner design without additional speaker conditioning
modules. It has been evaluated on standard datasets including WSJ0-
2mix [8], WHAM! [34] and WHAMR! [33], achieving state-of-the-
art TSE performance.

Our proposed system builds opon the onset prompt design in
LExt [32]. The input consists of the mixture waveform y prepended
with an onset prompt sampled from the enrollment utterance e.
These signals are concatenated along time axis in the time domain,
and then processed by a DNN. The DNN outputs an estimate ŝ in
the time-frequency (T-F) domain, which is transformed back to time
domain to obtain the final extracted signal. This design allows the
model to use both the prompt guidance and the detailed speaker
information carried by the enrollment. In the rest of this section, we
describe two techniques we propose to improve LExt: folded prompt
and split-role multi-head attention. See Fig. 1 for an overview.

2.1. Folded Prompt Conditioning

In LExt [32], a fixed enrollment window of length T0 is taken from
e and is prepended to the mixture signal y. In the proposed folded
scheme, we keep the same total enrollment window T0, but divide
it into P equal sub-segments and feed them in parallel as pseudo
channels to the TSE model:

e′ =
[
e(1), e(2), . . . , e(P )], where e(i)∈RT withT = T0

P
. (2)

Each sub-segment is concatenated with the same mixture y (repli-
cated across all the P prompt channels), using the same glue signal
g, which marks the boundary between the enrollment and mixture
signals, following LExt [32]. That is,

x(i) =
[
e(i), g, y

]
∈ RT+G+N , for i = 1, . . . , P. (3)

Notice that the prompt-channels reuse the identical mono mixture y
and differ only in the enrollment sub-segment. They are introduced
as input to the TSE model for speaker conditioning:

Xin = Stack
(
x(1), . . . , x(P )) ∈ RP×(T+G+N). (4)

Through this mechanism, the input signal length to the DNN model
is reduced from T0 +G+N in LExt to T +G+N in the proposed
method. Although the number of input channels is increased from
1 to P , the increased amount of computation spent on processing
multiple input channels can be designed very small. For example,
in modern speech separation models such as TF-GridNet [35, 36],
the encoder embeds multi-channel input signals to D-dimensional
features in its first layer through a 2D convolutional (Conv2D) layer,
and the increased amount of computation spent in this layer is negli-
gible compared with that on the other layers.

Compared with prepending a long prompt of length T0 to the
mixture, the folded prompt reduces the length of the prepended sig-
nal to T=T0/P , but still exposes the full T0 seconds of enrollment
through the P channels. In LExt [32], it is observed that setting the
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Fig. 1: LExTra with folded prompt and split-role attention. (a) System overview: the onset-prompt (enrollment+glue) is folded into P pseudo-channels and
concatenated with the mixture. (b) Extraction module, Te and Tm denote the STFT frame counts of the onset-prompt and the mixture, respectively. (c)
Split-role attention with M heads partitioned equally into speaker-aware and context-aware groups.

enrollment segment length to 4 seconds produces the best TSE per-
formance. With T0 = 4, in the proposed system we experiment with
splitting it into two 2-second sub-segments (i.e., P=2), concatenat-
ing each with the same mixture, and stacking them along the channel
dimension for subsequent processing.

2.2. Split-Role Multi-Head Attention

Following LExt [32], we use TF-GridNet [35,36] as the DNN back-
bone for TSE. In TF-GridNet, a Conv2D layer with a kernel size
of 1×1 first embeds P prompt channels to D-dimensional embed-
dings. Next, TF-GridNet alternates temporal and spectral model-
ing blocks, each augmented with a Transformer-style self-attention
layer. We propose to replace the self-attention operation with split-
role multi-head attention (SR-MHA) in all blocks (unless otherwise
noted), while preserving the other layers. Given that enrollment fea-
tures Xe and mixture features Xm are obtained by splicing along
time, SR-MHA are designed to attend from Xm to Xe via speaker-
aware heads, and within Xm via context-aware heads.

To better handle the acoustic mismatches between enrollment
and mixture signals, we divide the attention heads into two roles.
The speaker-aware heads use queries from the mixture features and
keys and values from the enrollment features, so that they focus on
extracting speaker cues. The context-aware heads use queries, keys,
and values all from the mixture, so that they can model the spectro-
temporal coherence of the mixture and compensate for noise and
reverberation. The outputs of both roles are concatenated and pro-
jected as

SR-MHA(Xm, Xe) = Concat(Hspk, Hctx)WO, (5)

with

Hspk = softmax
(
QmWQ(KeW

K)⊤√
dk

)
VeW

V , (6)

Hctx = softmax

(
QmW̃Q(KmW̃K)⊤√

dk

)
VmW̃V , (7)

where Xm and Xe denote the mixture and enrollment features, and
WO is the output projection. This split-role design ensures that part
of the attention is dedicated to speaker identity while the other part
maintains the consistency of the acoustic stream, potentially result-
ing in more robust TSE under mismatched conditions.

2.3. Loss Functions

Following [32], the loss function is defined on the estimated target
speech after discarding the predictions in the time range of the con-
catenated enrollment and glue signals. We adopt the scale-invariant
signal-to-distortion ratio (SI-SDR) loss [37], which is widely-used
in TSE research.

3. EXPERIMENTAL SETUP

We evaluate LExTra under various enrollment-segment conditions
for TSE, based on the WSJ0-2mix [8] and WHAMR! [33] datasets,
both of which have been widely-adopted in prior TSE research. This
section describes the datasets, experimental setup, evaluation met-
rics, and baseline systems used in our study.

WSJ0-2mix [8] is so far the most popular dataset to evaluate
monaural talker-independent speaker separation algorithms in ane-
choic conditions. It consists of 20, 000 (∼30.4 h), 5, 000 (∼7.7
h) and 3, 000 (∼4.8 h) two-speaker mixtures in its training, valida-
tion and test sets, respectively. The clean source signals are sampled
from the WSJ0 corpus. The speakers for training and validation do
not overlap with the speakers for testing. The two utterances in each
mixture are fully-overlapped, and their relative energy level is uni-
formly sampled from the range [−5, 5] dB.

The WHAMR! [33] dataset is used to validate our algorithms
in noisy-reverberant conditions. It is based on the two-speaker mix-
tures in WSJ0-2mix [8] but reverberates each clean speech source
and adds non-stationary noises. In our experiments, we focus specif-
ically on evaluating how different enrollment segment conditions
(e.g., length, content variation) affect the performance of LExTra.

We employ TF-GridNet [35, 36] as the DNN architecture for
LExTra, which operate in the T-F domain. Following in [32], we in-
vestigate two TF-GridNet configurations, denoted as TFGridNetV1
and TFGridNetV2. The V1 version uses less computation for faster
experimentation and is adopted in the ablation studies to assess the
effectiveness of the proposed modifications under controlled condi-
tions, and the V2 version is employed to facilitate comparisons with
established benchmark systems. Following the symbols defined in
Table I of the TF-GridNet paper [35, 36], for TFGridNetV1, we set
the hyper-parameters to D = 128, B = 4, I = 1, J = 1, H =
200, L = 4 and E = 16, and, for TFGridNetV2, we set them to
D = 128, B = 6, I = 1, J = 1, H = 256, L = 4 and E = 16.
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For the glue signal g in Eq. (3), which is utilized to prompt the DNN
the time ranges of the enrollment utterance and the mixture, we set
its length to 32 ms and its values to zero.

We employ the Adam optimizer, starting with a learning rate of
10−3, which is decayed by 0.5 once the performance on the val-
idation set is not improved in 4 consecutive epochs. For STFT,
the square root of Hann window is used, and the window and hop
sizes are respectively set to 16 and 8 ms. The evaluation metrics in-
clude SI-SDR improvement (SI-SDRi), SDR improvement (SDRi),
and PESQ.

4. EVALUATION RESULTS

4.1. Results of Folded Prompt (FP)

LExt benefits from longer enrollment but longer prompt increases
the sequence length that the DNN backbone needs to process. To
inject enrollment information without increasing the processed se-
quence length, we fold a T -second enrollment segment into P
shorter sub-segments (e.g., T=4 seconds, P=2), prepend each sub-
segment to a copy of the mixture, and stack the resulting signals
along a pseudo-channel dimension before feeding them to DNN for
TSE. In Table 1, “+FP” means applying this folded-prompt (FP)
scheme on top of LExt while keeping the backbone unchanged (i.e.,
using standard self-attention, with SR-MHA disabled), and V1/V2
denote TFGridNetV1/TFGridNetV2, respectively. Table 1 shows
that the +FP variant keeps the parameter count unchanged (5.04 M
for V1, 10.88 M for V2), while substantially reducing computa-
tion and runtime: for V1 with T=4 s, +FP (P=2) reduces FLOPs
from 45.16 GFlops (LExt) to 29.27 GFlops and improves RTF from
0.0462 to 0.0337. Similar trends hold for V2, where FLOPs drop
from 73.29 to 48.04 GFlops and RTF decreases from 0.0774 to
0.0564. The RTF values are measured on an NVIDIA RTX TI-
TAN GPU. Overall, prompt folding preserves the information of
a longer enrollment while avoiding a proportional increase in the
processed sequence length, thereby achieving comparable SI-SDRi
with notably lower computational cost and faster inference.

In Table 2, under the same TFGridNetV2 backbone, LExT(+FP)
achieves 24.1 dB SI-SDRi, 24.4 dB SDRi, and 4.10 PESQ, showing
competitive performance.

4.2. Results of Split-Role Multi-Head Attention

We evaluate SR-MHA on WHAMR! using the TF-GridNetV1 back-
bone. Table 3 shows the results. All systems start from LExt (i.e.,
no prompt folding) and differ only in the attention block: the base-
line uses the standard self-attention layers in TFGridNet, while SR-
MHA replaces those layers with the proposed one. The “Heads”
column denotes the total number of heads and their role split: (a+b)
means that a heads are speaker-aware and b heads are context-aware.
We observe that increasing the number of attention heads with a
balanced split (e.g., (2+2) and (4+4)) improves the TSE perfor-
mance. We emphasize that SR-MHA builds on the original self-
attention module in TFGridNet, and under a fixed hidden dimen-
sion and sequence length, the FLOPs that a multi-head block use
are largely governed by the hidden dimension, not by the number
of attention heads, and hence the computation of the model only in-
creases slightly.

4.3. Comparison with Existing Algorithms on WHAMR!

We evaluate LExTra on WHAMR! and compare it with representa-
tive TSE benchmarks. We use TFGridNetV2 as the DNN backbone,

Table 1: Ablation of folded prompt on LExT with standard self-attention

System DNN arch. T (s) P Params (M) FLOPs (G) RTF SI-SDRi (dB)↑

LExt V1 4 1 5.0 45.2 0.046 23.0
LExT+FP 2 2 5.0 29.3 0.034 23.0

LExt V1 1 1 5.0 22.4 0.029 22.0
LExT+FP 1 2 5.0 22.4 0.028 22.7

LExt V2 4 1 10.9 73.3 0.077 24.1
LExT+FP 2 2 10.9 48.0 0.056 24.1

Table 2: Comparison with existing algorithms based on WSJ0-2mix.

System Len. of
enroll. (s) SI-SDRi (dB)↑ SDRi (dB)↑ PESQ↑

Mixture - 0.0 0.0 1.68

SpEx+ [19] Full 16.9 17.2 3.43
DPRNN-Spe-IRA [38] Full 17.3 17.6 3.43

SpEx++ [20] Full 17.9 18.3 3.52
X-TF-GridNet [21] Full 20.7 21.7 3.77

CIENet-mDPTNet [29] Full 21.4 21.6 3.91
USEF-TSE [31] Full 23.3 23.5 -

LExt (TFGridNetV2) [32] 4 24.1 24.3 4.10

LExt+FP (TFGridNetV2) 2 × 2 24.1 24.4 4.10

Table 3: Results of using SR-MHA in TF-GridNetV1 on WHAMR!.

System DNN arch. Attention-layer type Context (s) Heads SI-SDRi (dB)↑

LExt TFGridNetV1 Standard self-attention 1 4 16.3
LExt TFGridNetV1 SR-MHA 1 2 (1+1) 16.3
LExt TFGridNetV1 SR-MHA 1 4 (2+2) 16.7
LExt TFGridNetV1 SR-MHA 1 8 (4+4) 17.1

Table 4: Comparison with existing algorithms on WHAMR!.

System Len. of
enroll. (s) SI-SDRi (dB)↑ SDRi (dB)↑ PESQ↑

Mixture - 0.0 0.0 1.68

SpEx+ [19] Full 10.9 10.0 -
SpEx++ [20] Full 11.4 10.4 -

X-TF-GridNet [21] Full 14.6 13.8 -
CIENet-mDPTNet [29] Full 15.7 14.3 2.55

USEF-TSE [31] Full 16.1 14.9 -
LExt (TFGridNetV2) [32] 4 18.3 16.7 2.94

LExTra (TFGridNetV2) 2 × 2 18.6 16.9 2.98

fold 4-second onset prompt into two 2-second segments, and use the
proposed split-role attention, where the total number of heads is set
to 8, among which 4 heads are speaker-aware and 4 are context-
aware. Table 4 shows the results. We observe that LExTra delivers
strong performance on WHAMR!. It consistently outperforms LExt,
although using less amount of computation due to prompt folding.
These results show the effectiveness of LExTra at TSE in noisy-
reverberant conditions.

5. CONCLUSION

We have proposed LExTra, which tackle two issues of LExt: large
amount of computation incurred by prepending enrollment utterance
for onset prompting, and the mismatches between enrollment and
mixture signals in noisy-reverberant conditions. A folded prompt
keeps full enrollment information, while reducing the sequence
length to process. Split-role multi-head attention disentangles cross-
speaker cues from mixture self-context. Together, they reduce the
amount of computation, improve the robustness of LExt, and yield
similar or better TSE performance.

18890

Authorized licensed use limited to: Southern University of Science and Technology. Downloaded on April 29,2026 at 08:06:47 UTC from IEEE Xplore.  Restrictions apply. 



6. REFERENCES
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