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Abstract

Target speaker extraction (TSE) aims to isolate speech spoken by a target speaker out of a
mixture using speaker information in an enrollment utterance. Recently, several methods
have been proposed that exploit the relationship between the enrollment utterance and
the input mixture using cross-attention, without extracting speaker embeddings from the
enrollment. Previous approaches applied the cross-attention to the encoded representations
or to the real and imaginary parts of the compressed spectrograms separately, which may
not have a physical meaning. In this paper, we propose a two-stage TSE method with a
physically interpretable modified cross-attention block and a dual post-refinement structure.
In the first stage, the attention weights to fuse the enrollment and mixture are derived from
the cross-correlation between the complex spectra for the two signals in a form analogous
to the phase-sensitive mask. The fused features along with the mixture features were
subsequently fed into a speech extraction network to obtain a coarsely extracted target
speech. The second stage consists of two parallel branches, where one branch refines the
first-stage output using the enrollment in a similar way to the first stage, and the other
utilizes the mixture to complement possibly attenuated target speech. In addition, the low-
dimensional speaker embeddings extracted from the enrollment and the first-stage output
are incorporated into the second stage to exploit the speaker discriminability. Experimental
results show that the proposed method consistently outperformed existing TSE methods
on the Libri2Mix dataset under both clean and noisy conditions, in terms of speech quality,
speech intelligibility, and signal distortion measures.

Keywords: target speaker extraction; cross-correlation; phase-sensitive mask; dual post-
refinement; speaker embeddings

1. Introduction

Target speaker extraction (TSE) is the task of isolating the target speech signal from
a mixture using auxiliary information that specifies the target speaker, such as a pre-
recorded enrollment utterance [1-27], spatial cues indicating the direction of the target
speaker [23,28,29], or visual cues such as lip movements [23].

TSE differs from speech separation (SS) [30-36], which aims to reconstruct all speech
sources in a mixture. It also differs from speech enhancement (SE) [37-44], which suppresses
background noise and reverberation to improve speech quality and intelligibility. In
contrast, TSE explicitly uses target speaker information to selectively extract the desired
speech from a mixture. It is inspired by the well-known human auditory phenomenon
known as the cocktail-party problem, in which humans can effortlessly concentrate on a
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single speaker in the presence of background noises and multi-talker interference. However,
the target speech can be partially masked by interfering speakers in multi-talker scenarios,
and an initial extraction may still contain residual interference or attenuated target-speech
components. These challenges highlight the importance of effectively utilizing target-
speaker information and suggest that a two-stage refinement strategy can be useful when
residual interference or target-speech attenuation remains after the initial extraction.

Based on these considerations, existing TSE approaches can be categorized according
to how they utilize the auxiliary target speaker information. The most straightforward way
to construct a TSE system using an enrollment utterance is to apply a speaker verification
(SV) [45-49] model to obtain a low-dimensional speaker representation and use it as an addi-
tional information in the speech extraction network similar to the one for SS [2-16] as depicted
in Figure 1a. Representative examples include SpEx [3] and SpEx+ [4], which extended Conv-
TasNet [30] to enrollment-based TSE using multi-scale speech encoders, MC-SpEx [8], which
enhanced multi-scale speaker conditioning, and X-SepFormer [10] and X-TF-GridNet [12],
which incorporated speaker embeddings into advanced separation backbones such as Sep-
Former [33] and TF-GridNet [34]. Other studies have further improved the use of enrollment
information through self-supervised disentangled speaker representations [11] or adaptive
speaker embedding fusion [12]. While these methods demonstrated good performance by
exploiting speaker discriminability through speaker classification losses, the low-dimensional
speaker representations may not fully preserve the rich acoustic and speaker-related charac-
teristics contained in the enrollment speech and provides limited interpretability regarding
how the enrollment speech is matched with the mixture speech.
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Figure 1. Block diagrams of target speaker extraction (TSE) with (a) a speaker embedding extracted
from the enrollment speech, and (b) a fusion block to utilize the enrollment utterance itself. The
dashed line in (b) indicates that the order of two blocks can be interchanged.
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On the other hand, to fully exploit all information in the given enrollment speech,
there have recently been attempts to utilize the enrollment speech itself in relation to the
input mixture without relying on speaker embeddings [17-22], as illustrated in Figure 1b.
In SMMA-Net [18], spectrogram matching was introduced to align the lengths of the enroll-
ment, and mixture signals and then a mutual attention mechanism was used to fuse them.
CIENet [19] adopted an attention-based interaction fusion mechanism in the pre-processing
stage, where the real and imaginary components of the mixture and enrollment spectra were
processed independently to obtain attention weights. CIENet-C2F [20] further extended
CIENet by introducing a post-refinement stage, while DCF-Net [22] enhanced the interac-
tion block with a mutually gated dual-stream fusion mechanism. USEF-TSE [21] provided a
universal framework that can be applied to both time-domain and time-frequency-domain
approaches, using cross-multi-head attention (CMHA).

Although previous approaches utilizing the enrollment utterance itself demonstrated
superior performance, the cross-attention applied to the real and imaginary parts of the
mixture and enrollment spectra separately or CMHA for encoded representations may limit
the interpretability of how the enrollment speech is related with the mixture speech. More-
over, these methods mainly focus on the fusion between the enrollment and mixture signals,
while the joint utilization of speaker-discriminative information is not considered. There
was an attempt to use both the enrollment utterance itself and the speaker-discriminative
embeddings in [27], but the performance without the speaker embeddings was better.

To address the limited interpretability of existing enrollment fusion strategies and
the insufficient use of speaker discriminability, we propose a two-stage TSE with a cross-
correlation-based fusion block and speaker embedding-based dual post-refinement. The
proposed fusion block derives attention weights from the cross-correlation between the
magnitude-compressed complex spectra of the enrollment and mixture speech, providing
a more interpretable way to model their relationship. Specifically, the real-valued attention
weights are obtained either from the magnitude of the complex-valued cross-correlation or
from its phase-sensitive mask (PSM)-like modification [50]. Then, the fused features are
concatenated with the mixture spectra and processed by a speech extractor to produce a
coarsely extracted target speech. The coarsely extracted speech is subsequently refined
in the second stage using two parallel branches. One branch processes the concatenation
of the mixture spectra and coarsely extracted speech spectra to restore attenuated target
speech in the first stage. The other branch applies a similar processing to the first stage
using the enrollment and the first-stage output to further refine the target speech. In
addition, low-dimensional speaker embeddings extracted from both the enrollment and the
first-stage output are also utilized in the second stage through adapter modules to exploit
speaker discriminability. Our experimental results on the Libri2Mix dataset demonstrated
that the proposed method outperformed existing TSE approaches under both clean and
noisy conditions in terms of the perceptual evaluation of speech quality (PESQ) scores [51],
extended short-time objective intelligibility (ESTOI) [52], and scale-invariant signal-to-
distortion ratio (SI-SDR) [53].

The remainder of this paper is organized as follows. In Section 2, we present the
proposed TSE utilizing cross-correlation between complex spectra of the enrollment and
mixture and dual-branch post-refinement. Experimental configurations are detailed in
Section 3. Section 4 presents the experimental results and analyses. Finally, the conclusions
are presented in Section 6.
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2. Tse with Cross-Correlation for Complex Spectra and Dual
Post-Refinements

To utilize the enrollment utterance itself in relation to the mixture input in a more inter-
pretable manner and also make use of speaker discriminability through low-dimensional
speaker embeddings, we propose CROCS, a two-stage target speaker extraction utilizing
CROss-correlation for Complex Spectra of the enrollment and mixture and dual post-
refinements. Overall block diagram of the CROCS is illustrated in Figure 2. In the first
stage, the magnitude-compressed complex spectra of the enrollment and mixture are fused
in the cross-correlation block and then processed by a speech extractor network similar to
the MP-SENet [37,38] along with the mixture spectrogram. The second stage consists of
two parallel branches that process the first-stage output with the mixture input and the
enrollment, respectively. The low-dimensional speaker embeddings extracted from the
enrollment speech and the first-stage output are also utilized in the two branches through
the adapter modules. Detailed descriptions of the proposed system and contributions are
given in the following subsections.
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Figure 2. Overall structure of the proposed TSE system, CROCS. ‘Comp.” and ‘Decomp.” denote the
power-law compression and decompression of magnitudes, respectively.

2.1. First Stage with Cross-Correlation Block
2.1.1. Previous Methods to Fuse Enrollment and Mixture

The interaction block of the CIENet [19,20] essentially applies the cross-attention to the
real and imaginary parts of the magnitude-compressed complex spectra for the enrollment
and mixture separately. From the mixture y and the enrollment ¢, each element of the
magnitude-compressed spectrograms Y € CTv*F and E € CTe*F is obtained as

Yig = [V(k ) =y, 4y )

Ekf - |g(k’f)|cej9£(k'f) = Erkf +jEikf &)

where Y(k, f) and £(k, f) are the complex spectra of y and e for the f-th frequency bin
in the k-th frames, respectively, with the phases 0y (k, f) and 6¢(k, f). c is a compression
factor, and Y;, Y; € RTv*F and E,, E; € RTe*F are the real and imaginary components of Y
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and E, respectively. Ty, T, and F are the number of frames for the mixture and enrollment
and the number of frequency bins, respectively.

The interaction block takes Y;, Y;, E, and E; as its input and produces the weighted en-
rollment features for real and imaginary parts, X, € RTy<F and X; € RLv<F e, X, = A,E,
and X; = A;E; with the weight matrices A;, A; € RTy*Te A, and A; are given as the
normalized inner products between the real and imaginary parts of Y and E:

A, = softmax (Y,E]) 3)

A; = softmax (Y;E]) (4)

where softmax(-) is a softmax function applied to the last dimension of the argument. This
procedure is essentially the same as applying the cross-attention to the real and imaginary
parts of Y and E separately. However, determining the attention weights for the real or
imaginary part based on the cross-correlation of only the real or imaginary parts of Y and E
does not have any theoretical background, as it does not represent the relationship between
the complex spectra of the enrollment and mixture. Meanwhile, in the SMMA-Net [18]
and USEF-TFGridNet [21], ) and & are encoded with 2D convolutions and then fused
through mutual attention [18] and CMHA [21], respectively. While the adoption of the
convolution encoders may allow learnable transformation to produce features to be used
for cross-attention, the interpretability of the TF domain features cannot be kept intact.

2.1.2. First Stage with Proposed Cross-Correlation Block

The attention weight matrix is originally designed to be a compatibility function that
measures how well the query matches the key, which is applied to the value [54]. It would
be desirable that the attention weight matrix A applied to E represents how the frames
of the enrollment correlate with those of the mixture. To this end, the cross-correlation
between the spectra for a certain frame of the enrollment and a frame of the mixture would
be an intuitive measure on how closely they are related, as shown in Figure 3. The cross-
correlation between the spectrum for the j-th frame of the mixture and that for the k-th
frame of the enrollment becomes the (j, k)-th component of the matrix YEH ie.,

F . .
ce(v B = [YE] = VIV FFEG Il @GN0 ks ©)
f=1

where H denotes the Hermitian transpose, which is complex-valued and thus cannot
be directly used as a real-valued attention weight. One straightforward way to obtain
real-valued weights is to exploit the magnitude of the cross-correlation between Y; and
Ek , i.e. P

exp (|CC(Yj, E)|/ )
Y exp(|CC(Y;, Ep)| /7)

(Al = sofimax(|CC(%, B /1) = ©

where the softmax function is applied in analogy to the scaled dot-product attention [54], T
is a temperature parameter that adjusts the concentration of the attention weights, and the
subscript M represents the magnitude of the cross-correlation.

The attention weights Ay, based on the cross-correlation between the magnitude
spectra, CCag (Yj, Ex) = Z§:1 |V, £)I°I€(k, f)|°, can also be considered, but Aqq tends
to have high values for a few frames in the enrollment which have high energies among
the frames with similar pitch values. It leads to a loss of information, as the output of this
block will be used instead of E in the speech extraction network.
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Figure 3. Illustration of the proposed cross-correlation-based fusion block.

An alternative way to derive real-valued weights is to consider the phase difference
between the enrollment and mixture in each frequency bin explicitly in a similar form to
the PSM [50] used for the SE. In the PSM, the phase difference between the clean and noisy
speeches contributes to the target magnitude gain via a cosine function. Likewise, we can
penalize the cross-correlation between spectral magnitudes with the cosine of the phase
difference between the mixture and enrollment. The resulting PSM-like modification of the
cross-correlation between the j-th frame of the mixture and the k-th frame of the enrollment
is given by

F

CCpsm (Y, 2 (G HIYNE K, )| cos(0y (. f) — e (k, f)), @)

which coincides with the real part of the CC(Y}, Ex). This allows the correlation score to
become larger when the mixture and enrollment both have similar spectral magnitudes by
penalizing phase difference. Compared with magnitude-only correlation CCyuqg (Y], Ex), the
PSM-like formulation incorporates the phase difference through the cosine term, making
the attention weights physically more interpretable as a measure of both spectral magnitude
similarity and phase alignment. As a result, the (j, k)-th component of the attention weight
matrix Apgp; becomes

[Apsmlj = softmax(CCpsm(j, k) /7). (8)

Subsequently, the weight matrix A € {Ap, Apsm} is applied to E to produce the fused
feature X, i.e., the weighted enrollment feature, as

X = AE € CTv*F, )

This operation can be interpreted as a frame-wise aggregation of the enrollment spectra
to match each frame of Y as closely as possible, under the assumption that the interfering
speech components are not represented in the enrollment spectra.

The magnitude and phase of the fused feature X, |X| and 6y, are concatenated with
those for Y, |Y| and 6y, to construct the input tensor for the speech extraction network,
Dy = [|Y[|; 6y; |X|; 0x] € R¥™T*F. As for the speech extraction network, we adopt
the MP-SENet [38] architecture, except that the input channel dimension is changed to 4
and the global layer normalization (gLN) [30] is applied at the end of the encoder. D; is
transformed into a latent TF representation through the encoder, which is then processed
by a stack of N TF-transformer blocks with C channels to capture time and frequency
dependencies stage by stage. Subsequently, the magnitude mask decoder and phase
decoder produce the estimates of the mask for the compressed magnitude spectrum and
wrapped phase spectrum of the clean speech, M; and 6 3,» respectively, where My is applied
to the mixture magnitude | Y| to construct the compressed spectrum of the clean speech
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as S1(k, f) = My(k, f) |ka|ej951 &5 |S1(k, f) \Cejgsl %5 A coarse estimate of the target
speech in the form of |S;|¢ and 0, is used in the second stage to obtain a better estimate of
the target speech.

2.2. Dual Post-Refinement Utilizing Speaker Embeddings

Instead of processing D; in Section 2.1.2 using many TF-transformer blocks, we
employ a two-stage structure of which the second stage consists of two parallel branches to
refine the first-stage output using the mixture input and the enrollment, respectively. Low-
dimensional speaker embeddings extracted from the enrollment and the first-stage output
are also adopted to exploit speaker discriminability. Detailed descriptions for the dual
post-refinement structure and the adoption of the speaker embeddings are given below.

2.2.1. Dual Post-Refinement

The second stage consists of two parallel branches as depicted in Figure 2. The
top branch processes the concatenation of the first-stage output and mixture,
D, = [|Y]; 0y; 151]; 6 31]’ with a speech extraction network consisting of an encoder, a
single TF-transformer block followed by an adapter to incorporate the speaker embedding,
and the magnitude masks and phase decoders to produce M, and 6 5, On the other hand,
the cross-correlation block, which takes S and E instead of Y and E as input, is used in the
bottom branch to produce the fused feature X’, which is fed into the speech extraction net-
work along with $1. The speech extraction network that takes D3 = [|;]; 0 80 1X[; Oxr; ]
as input has an identical structure to that in the top branch. The top branch is expected
to restore possibly lost components of the target speaker in the first stage by utilizing the
mixture input, while the bottom one applies the same processing as the first stage to further
refine the first-stage output.

2.2.2. Extraction and Utilization of Speaker Embeddings

Although the TSE approaches utilizing the relationship between the enrollment ut-
terance and the input mixture directly can fully utilize all the details in the enrollment
utterance and have shown impressive performances, the speaker discriminability, which is
the main training objective in speaker recognition, is not enforced in most of them. In this
work, we utilize speaker-discriminative low-dimensional embeddings in the second stage
to complement the cross-correlation-based fusion of the excerpts, as shown in Figure 2. As
the enrollment E is a target speaker’s voice sample without interferences and $; contains
the target speech in the input mixture Y, both speaker embeddings from E and $1, zr and
zg , are used to condition the speech extraction processes in the second stage. Instead of us-
ing a conventional speaker recognition architecture, we adopt the ConvNeXt-v2 [55] as the
speaker embedding extractor, which showed better performance than Thin-ResNet34 [47],
ECAPA-TDNN [46], and the U?-Net in the X-TF-GridNet [12] when applied to the CROCS.
Specifically, the speaker extraction network first encodes Dy = [|E|;0¢] or Ds = [|S1]; 0 31]
using an encoder which has the same structure with the one used for the speech extraction
network after reshaping them from 2 x T x Fto4 x (T/2) x F, T € {T,, Ty }. The encoded
representations are fed into the speaker embedding extractor, which has a structure of the
ConvNeXt-v2 [55] to produce zg and zg, through a temporal average pooling (TAP) layer,
respectively. It is noted that the encoder used for the speaker extraction network does not
share weights with the one used for the speech extraction network. Finally, two speaker
embeddings, zg and zg, S R%“ are concatenated along the channel axis to form the
conditioning variable z = [zg;zg | € RC*! in which C is the number of channels in the
MP-SENet-based speech extractor.
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As an adapter module to fuse z into the speech extraction network, we adopt the
adaptive embedding aggregation (AEA) fusion block in the X-TF-GridNet [12]. The AEA
fusion block is composed of a lightweight multi-head attention block and a 1 x 1 2D
convolution block, in which the speaker embedding z is utilized as the gquery, and the
intermediate features of the TE-transformer in each branch become the key and value of the
cross-multi-head attention. This adapter module is placed after the TF-transformer, and
the output of it is used in the magnitude mask and phase decoders as shown in Figure 2.
Finally, the outputs of the speech extraction network in two branches, M, 6 5 and M3, 0 Sy
are used to reconstruct the magnitude-compressed spectrum of the target speech as

Sa(k f) = (Whalk, )Yl + Bta(k, £)|1 (K, )] )05 5 (10)
= Sk fee"s ).

in which S, (k, f) denotes the complex-valued spectrum reconstructed from the estimated
magnitude and phase in the second stage. The time-domain signal, 55, can be obtained by
applying the inverse short-time Fourier transform (iSTFT) to the magnitude-decompressed
spectrum 32, ie.,

8, = iSTFT(S,). (11)

2.3. Training Objectives

The proposed TSE system, CROCS, is optimized with a multi-task learning that
combines the reconstruction objectives and speaker classification objective. The overall
loss function is given as a linear combination of the negative SI-SDRs for the first- and
second-stage outputs and a cross-entropy loss for the speaker classification:

L= Alﬁsi—sdr(sl §1) + )\ZL:si—sdr(Sl §2) + )‘3EC6 (Zr Espk) (12)

in which A4, Ay, and A3 represent the weighting factors for the first-stage extraction loss,
second-stage refinement loss, and speaker classification loss, respectively, s is the target
speech, and 37 is the reconstructed time-domain signal obtained in the first stage, i.e.,
8, = iSTFT(S; ). The negative SI-SDR loss, Lq;.q4,, is defined as

. s |3
Esi—sdr(sls) = _1010g10 ||§|2

, (13)
—as||3

where « = (8,5)/ (s, s) is the optimal scaling factor and (-, -) denotes the inner product. The
cross-entropy loss to enforce speaker discriminability is computed from the output of a
linear classifier applying one fully connected layer to z, f(z), which is given by

f oxp(fi(2))
Lee(z,bspr) = — ) lopijilog| ————"—], (14)
) =7 e OB )

where | is the number of speakers, {5,y ; € {0,1} is the i-th element of the one-hot encoded
speaker label, and f;(z) denotes the i-th element of f(z).

3. Experimental Setup
3.1. Datasets

To validate the proposed methods, we conducted experiments on the Libri2Mix
dataset [56] under both clean and noisy conditions. Libri2Mix consists of two-speaker
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mixtures generated from LibriSpeech [57], and the noisy condition additionally includes
environmental noise from the WHAM! dataset [58]. For both conditions, we used the
train-100, dev, and test subsets for training, validation, and evaluation, respectively.
The train-100 subset contains 13,900 mixtures from 251 speakers, while each of the dev
and test subsets contains 3000 mixtures from 40 non-overlapping speakers. During
training, each speaker in a mixture was considered as the target speaker in turn, and
the enrollment utterance was randomly selected from utterances not used in the mixture.
For validation and evaluation, we followed the enrollment setting used in prior works
(https:/ /github.com/BUTSpeechFIT/speakerbeam, accessed on 17 June 2026). We used
the min version, where each mixture length is matched to the shorter utterance [56]. To
allow comparison with previous studies, we report results at both 8 kHz and 16 kHz
sampling rates.

To further evaluate the performance in the presence of background noise and re-
verberations, we have conducted additional experiments on the WHAMR! [59] dataset,
which extended the WSJ0-2mix dataset [60] by introducing noises and reverberations. The
reverberation time (RT60) for each mixture was selected from the range [0.2,1] s, and the
distance between the speakers and the microphone spanned from 0.66 to 2 m. The level
of the second speech in each mixture was between [—5,5] dB from that of the first speech,
and the signal-to-noise ratio (SNR) between the louder speech and noise was randomly
selected from [—6, 3] dB. The dataset consisted of 20,000, 5000, and 3000 mixtures for train-
ing, validation, and test, respectively. During training and performance assessment, the
direct-path signal for the target speech at the first microphone was considered as the target
signal. The sampling rate for all audio was 8 kHz, and the min version was used.

3.2. Implementation Details

We used the Hann window with a length of 20 ms and a hop size of 10 ms. The
256- and 512-point STFTs were applied for the sampling rate of the 8 kHz and 16 kHz,
respectively, which made F 129 and 257, respectively. The compression factor c was set
to 0.3. Prior to training, both mixture and enrollment signals were normalized to have
a unit variance. During training, mixtures were randomly cropped into 4-second-long
segments, while the enrollment signals were kept intact. For validation and evaluation,
both mixture and enrollment signals were not truncated. For the speech extraction net-
work, the number of channels C and the number of attention heads M of the MP-SENet
(https:/ /github.com/yxlu-0102/MP-SENet, accessed on 17 June 2026) were set to 80 and
4, respectively. The number of the TF-transformer blocks in the speech extractor for the
first stage was set to 3. For the speaker embedding extractor, we used a ConvNeXt-v2
model consisting of 4 stages with [2, 2, 3, 2] blocks, and the number of nodes in the last
fully connected layer was set to match the number of speakers in the training dataset. The
total number of parameters in the speaker extraction network was 0.288 M. The adapter
module was configured in the same manner as in [12], except that the learnable weights for
the multihead attention block output were initialized to 1 in training.

All models were trained from scratch for 150 epochs with a batch size of 2. The speaker
extraction network was not pre-trained. We used the Adam [61] optimizer with an initial
learning rate of 10~3. The learning rate was multiplied by 0.98 for every two epochs during
the first 100 epochs and multiplied by 0.9 in the remaining 50 epochs. The weight factors
for losses, A1, A2, and A3 in (12), were set to 0.4, 0.6, and 0.5, respectively. The temperature
T for the softmax operation in the cross-correlation block was set to 4. In addition, gradient
clipping with a maximum I, norm of 5 was applied. We selected the model that achieved
the best performance on the dev set for evaluation. We did not apply any dynamic mixing
or data augmentation techniques. All experiments were carried out on two NVIDIA A100
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GPUs using a PyTorch 2.5.1 [62] deep learning framework. The performance measures
used to compare the TSE systems include the narrowband PESQ (PESQ-NB) scores [51],
wideband PESQ scores (PESQ-WB) [63], source-to-distortion ratio (SDR) [64], ESTOI [52],
and SI-SDR [53].

For the computational complexity, the number of model parameters is reported in
millions (M), and the computational cost is reported in Giga multiply-accumulate opera-
tions per second (GMAC/s) computed using ptflops 0.7.5 (https://github.com/sovrasov/
flops-counter.pytorch, accessed on 17 June 2026) with a batch size of 1, where both the
mixture and enrollment utterances were measured in 1-second segments. It should be
noted that the computational cost can increase with longer enrollment utterances because
the attention weight matrix has a size of (Ty x T,). However, after the fused feature is
obtained, the subsequent speech extraction network mainly depends on the mixture length.
The source code, the trained model, and audio samples can be accessed at our GitHub page
(https:/ /github.com/aryanorb/CROCS-TSE, accessed on 17 June 2026).

4. Results and Analysis
4.1. Analysis of Each Contribution of CROCS

Firstly, we performed an ablation study to evaluate the effects of the contributions of
the proposed system, CROCS, including the cross-correlation block, two-stage structure,
incorporation of the low-dimensional speaker embedding, and dual post-refinements.
Table 1 shows the performance of various configurations of the TSE system on the Libri2Mix-
clean dataset sampled at 8 kHz, along with the number of parameters and the computational
complexity. The first three rows compare the effect of different fusion methods to combine
the enrollment and mixture using only the first stage. In this single-stage configuration, the
number of the TF-transformer blocks was set to 5, which is the same as the total number of
the TF-transformer blocks in the CROCS (3 in the first stage, 1 for each branch of the second
stage). The proposed fusion methods using magnitude-based Aj; and spectral magnitude
with phase difference Apgys outperformed the interaction fusion block of the CIENet [20],
which applied cross-attention for the real and imaginary parts separately using A, and A;
in all three metrics. Between the two proposed methods, the PSM-like modification of the
cross-correlation showed the best performance, with an improvement of the PESQ score of
0.08, the ESTOI of 1.30%, and the SI-SDR of 0.97 dB over the fusion in the CIENet [20]. We
have also examined the effect of incorporating the low-dimensional speaker embeddings in
the single-stage setting, with the adapter modules in all TF-transformer blocks (#4) and the
last two blocks (#5). The introduction of the speaker embedding in the single-stage setting
did not improve the performance of (#3) regardless of the number of adapter modules. It is
noted that only zg from the enrollment utterance was used in the single-stage setting (#4)
and (#5), and (A1, Ay, A3) in Equation (12) were (1,0,0.5).
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Table 1. Experimental results on Libri2Mix-clean dataset sampled at 8 kHz for various configurations of the TSE system.

Fusion Fusion Speaker Dual Post- TF-Transformer Adapter # Params. ESTOI SI-SDR
#ID Two-Stage GMAC/s PESQ
in 1st Stage  in 2nd Stage Embedding Refinements Blocks Blocks M) (%) (dB)
1 Ar&A; [20] None 3.45 87.90 16.17
2 Ay None X X X {5,-} - 4.10 34.34 3.46 88.33 16.52
3 Apsm None 3.53 89.20 17.14
4 5 5.39 37.81 3.41 87.84 16.18
APSM None X v X {5/ - }
5 2 5.28 37.30 3.49 88.67 16.69
6 Ar&A;[20]  Concat (Y&S) el X X {3, 2} - 5.35 45.01 3.50 88.49 16.90
7 Concat (Y&S;) 45.01 3.53 89.24 17.22
Apsm — v X X {3,2} - 5.35
8 Apsp(S1&E) 45.04 3.51 88.99 16.90
9 Concat (Y&$;) 46.01 3.53 89.48 17.54
Apsm — v 4 X {3, 2} 2 5.72
10 Apsp(S1&E) 46.04 3.41 87.77 16.28
11 Apsm Both 4 X v {3,{1,1}} {1,1} 6.61 55.71 3.58 89.82 17.62
12 Apsm Both v v v {3,{1,1}} {1,1} 6.97 56.70 3.60 89.92 17.67

t indicate that the coarse-stage output is added to the fine-stage output via a residual connection as in the CIENet-C2F [20]. v indicates that the corresponding component is used,
whereas X indicates that it is not used, Bold values indicate the best performance in each column.
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The next section (#6—#10) is on the experiments using the TSE systems consisting
of two stages in which the second stage has only one of the two branches of the CROCS.
The number of the TF-transformer blocks in the second stage was set to 2, matching the
total number of the TF-transformer blocks in the TSE system. The configuration in (#6)
is similar to the CIENet-C2F [20], with a second stage taking the concatenation of Y and
$1, and an additional residual connection from the first-stage output to the final output.
The performance of (#6) was better than (#1) with a single stage, but worse than (#7) with
the proposed cross-correlation block in all the metrics. The system with the other branch
taking the PSM-like modification of the cross-correlation between $1 and E, (#8), showed
worse performance than (#7). Systems (#9) and (#10) were built upon (#7) and (#8) using
speaker embeddings z = [zf; z§1] through the adapter modules, which brought about a
slight improvement in the ESTOI and SI-SDR. A1, Ay, A3 values for (#6—#8) and (#9, #10)
were (0.4,0.6,0) and (0.4,0.6,0.5), respectively. The final two rows of Table 1 are with
the proposed cross-correlation block and dual post-refinement structure, without and
with speaker embeddings. These two systems outperformed (#1—#10), and the proposed
CROCS in (#12) marked the best performance. This improvement may be attributed
to the distinct roles of the two post-refinement branches, where the top branch restores
attenuated target-speaker components and the bottom branch further refines the first-stage
output using the same processing as in the first stage. These experimental results also
showed that all components of the contributions including the introduction of the proposed
cross-correlation block (from (#1) to (#3)), two-stage architecture (from (#3) to (#7)), dual
post-refinements structure (from (#7) to (#11)), and the introduction of speaker embeddings
(from (#11) to (#12)) contributed to the performance improvement. It is noted that the
adoption of the speaker embeddings required only 0.365 M parameters and 0.99 GMAC/s,
although it only slightly improved the performance. This marginal improvement may be
attributed to the lightweight design of the speaker embedding branch, which may have
limited its ability to capture highly discriminative speaker characteristics.

Figure 4 presents a sample-wise analysis of the SI-SDR improvements over the baseline
system (#1) for several systems in Table 1. The histogram indicates that the performance
gains from each contribution are not limited to a small subset of samples, but are reflected
as an overall shift in the performance distribution.

i
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8 1
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SI-SDR improvement over #1

Figure 4. Histogram for SI-SDR improvements over system (#1) in terms of the sample-wise analyses
for the systems in Table 1.
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To provide more insight into the proposed cross-correlation block, Figure 5 visualizes
the magnitude spectra (a) an enrollment speech, (b) a mixture, (c) a target speech, (d) a
fused signal using the interaction fusion block in [20], (e) a fused signal using the proposed
cross-correlation block with Apgys, and (f) a speech signal estimated be the CROCS (55).
The fused signals consist of essentially a linear combination of the frames in the enrollment
speech to match the mixture signal. Comparing Figure 5d,e, the fused signal using the
proposed cross-correlation block showed a clearer harmonic structure and resembles the
target speech more than the fused signal with the interaction fusion block which treated
the real and imaginary parts separately. It is noted that essentially the fused feature in a
frame is a linear combination of the most similar spectra among the enrollment frames, and
thus was not silent in interference-only regions such as the region near 2.0 s. As the fused
features X were used instead of E as auxiliary information, it did not degrade the output
signal, as can be seen in Figure 5f.

a) Enrollment speech

Frequency (kHz)

Frequency (kHz)

15 20
d) CIENet-based fused feature

Frequency (kHz)

15 20
¢) PSM-like fused feature

Frequency (kHz)

$o 05 10 15 20 25 30 35
(f) Estimated speech

Time(s)

Figure 5. Spectrograms of the (a) enrollment speech, (b) mixture, (c) target speech, (d) a fused
feature using the interaction fusion block in [20], (e) a fused feature X using Apgys, and (f) a speech
signal estimated be the CROCS (37). The Apspr-based fused feature in (e) exhibits clearer harmonic
structures than the CIENet-based fused feature in (d), making it similar to the target speech in (c).
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4.2. Comparison with Other TSE Systems

Table 2 summarizes the performance on the Libri2Mix dataset sampled at 8 kHz
without noise. On top of the performance reported in the papers, we included the results
for the SpEx+ [4] re-trained using the authors’ code on GitHub (https:/ /github.com/
gemengtju/SpEx_Plus, accessed on 17 June 2026) and the re-implementation of the CIENet-
C2F-mDPTNet [20] in the table. We have also re-trained the X-TF-GridNet [12] with
the official GitHub code (https:/ /github.com/HaoFengyuan/X-TF-GridNet, accessed on
17 June 2026) for a sample-wise analysis, and obtained similar performance to that in the
paper, as can be seen in Table 2. The CIENet-C2F-mDPTNet [20] with 29.03 GMAC/s
outperformed all the previously proposed methods except the X-TF-GridNet requiring
68.32 GMAC/s. The X-TF-GridNet showed the best performance among the existing
methods in all three measures with large margins, and the proposed CROCS marked even
higher average performances with the PESQ of 3.60, the ESTOI of 89.92%, and the SI-SDR of
17.67 dB on the Libri2Mix dataset at 8 kHz. Compared with X-TF-GridNet, CROCS reduced
the number of parameters and GMAC/s by approximately 10.5% and 17.0%, respectively,
while achieving statistically significant performance improvements. Specifically, CROCS
improved SI-SDR by 1.413 dB with a 95% confidence interval (CI) of [1.186, 1.640] and
PESQ by 0.080 with a 95% CI of [0.068, 0.092]. In addition, CROCS improved ESTOI by
2.98%. Moreover, the ratios of the test samples with the negative SI-SDR which would
correspond to the speaker confusion were 4.65% for the X-TF-GridNet and 2.08% for the
proposed CROCS. These results imply that the speaker confusion, which can be interpreted
as a complete failure of the TSE, happened more rarely for the proposed CROCS compared
with the X-TF-GridNet.

Table 2. Performance comparison with previous TSE approaches on the Libri2Mix-clean dataset
sampled at 8 kHz with the min mode.

Method # Params. (M) GMAC/s PESQ ESTOI (%) SI-SDR (dB)
Mixture - - 1.60 53.84 0.0005
sDPCCN (2022) [6] - - 2.73 78.90 11.65
TD-SpeakerBeam (2020) [2] - - 2.75 - 12.86
TD-SpeakerBeam + PL + PF (2022) [7] - - 2.86 - 13.88
Diff-TSE-MT (2023) [9] - - 3.08 80.00 11.28
SpEx+ T (2020) [4] 11.18 3.76 2.58 78.59 11.66
MC-SpEx (2023) [8] - - 3.19 84.90 14.61
CIENet-C2F-mDPTNet ¥ (2024) [20] 3.01 29.03 3.21 84.85 14.78
X-TF-GridNet (2024) [12] 7.79 68.32 3.53 86.94 16.20
X-TF-GridNet 7.79 68.32 3.51 87.07 16.25
CROCS 6.97 56.70 3.60 89.92 17.67

* denotes the re-training results using the official Github code. ¥ denotes the re-implemented results obtained
under the same dataset split, enrollment selection protocol, input sampling rate, optimization procedure, and
evaluation metrics as CROCS. Bold values indicate the best performance in each column.

We have further analyzed the performance of the proposed CROCS and the re-trained
models for the SpEx+ [4] and X-TF-GridNet [12] in Table 2, depending on the genders of
the two speakers in each mixture. The performances for the same-gender mixtures and the
different-gender mixtures are shown in Table 3. Compared with X-TF-GridNet, CROCS
achieved relative improvements of 4.1%, 10.1%, and 15.5% in PESQ, SDR, and SI-SDR,
respectively, for the same gender mixtures, while the corresponding relative improvements
for the different gender mixtures were 0.8%, 2.2%, and 3.1%. It can be clearly seen that
the performance gap between the same-gender mixture and the different-gender mixtures
was significantly reduced for the proposed CROCS compared with the previous methods,
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which implies that the performance for the harder cases was improved even more than the
average performance improvement.

Table 3. Performances depending on whether two speakers in a mixture were of the same or different
genders on the Libri2Mix-clean dataset sampled at 8 kHz with the min mode.

PESQ SDR (dB) SI-SDR (dB)
Method
Same Different Same Different Same Different
Mixture 1.60 1.59 0.1843 0.1742 0.0034 —0.0023
SpEx+ [4] 2.49 2.67 11.39 13.52 10.53 12.78
X-TF-GridNet [12] 3.42 3.61 16.31 18.49 14.82 17.67
CROCS 3.56 3.64 17.95 18.90 17.12 18.21

Bold values indicate the best performance in each column.

The experiential results on the Libri2Mix dataset without noise sampled at 16 kHz
are shown in Table 4. Most of the previous works did not report the PESQ scores and the
ESTOI and focused on the SDR and SI-SDR. The proposed CROCS achieved relative gains
of 30.6%, 15.5%, and 13.3% over the best previously reported results in PESQ-WB, SDR,
and SI-SDR, respectively.

Table 4. Performance comparison with previous TSE approaches on the Libri2Mix-clean dataset
sampled at 16 kHz with the min mode

Method PESQ- NB PESQ- WB ESTOI (%) SDR (dB) SI-SDR (dB)
Mixture 1.50 1.15 53.74 0.0011 0.0006
TD-SpeakerBeam (2020) [2,14] - - - 13.69 13.03
Li et al. (2024) [15] - - - 15.23 14.57
SSL-TD-SpeakerBeam (2024) [14] - 2.45 - 15.26 14.65
SHuBERT-BSRNN (2024) [16] - - - 16.07 15.39
ECAPA-BSRNN (2025) [27] - - - - 15.91
CROCS 3.64 3.20 90.88 18.56 18.02

Bold values indicate the best performance in each column.

We have also evaluated the performance of the CROCS and the re-trained versions
of the SpEx+ [4] and the X-TF-GridNet [12] on the Libri2Mix-noisy dataset consisting of
mixtures of two speeches and noise sampled at 8 kHz. The results are shown in Table 5, in
which we can verify that the proposed CROCS demonstrated a stronger performance than
the compared methods. Specifically, CROCS achieved relative improvements of 3.5%, 6.8%,
and 19.5% over X-TF-GridNet in PESQ, ESTOI, and SI-SDR, respectively.

Table 5. Performance with previous TSE systems on the Libri2Mix-noisy dataset sampled at 8 kHz
with the min mode.

Training Set  Method PESQ ESTOI (%) SI-SDR (dB)
Mixture 1.43 40.05 —1.99
Libri2Mix SpEx+ T [4] 2.07 64.27 7.92
Noisy dataset  X-TF-GridNet * [12] 2.56 71.89 9.80
CROCS 2.65 76.75 11.71

 denote the re-training results using the official Github code. Bold values indicate the best performance in
each column.

To further evaluate the performance of the proposed CROCS under noisy and rever-
berant environments with a wider variety of previously proposed methods, we carried out
an experiment on the WHAMR! dataset [59]. Table 6 presents the performance of recent
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TSE models in terms of the PESQ scores, SDR, and SI-SDR, where the best and second-best
results are highlighted in bold and underlined, respectively. In this experiment, we set
the window length and a hop size for the CROCS to 16 ms and 8 ms, respectively, as in
the USEF-TFGridNet [21], MCFS-TFGridNet [26], and LExt-TFGridNetV2 [24]. For this
dataset, the CROCS showed the second-best performance with much lower computational
complexity than the best model, LExt-TFGridNetV2 [24], although the computational com-
plexity of the CROCS was much higher than that of the models that have shown slightly
lower performance, the CIENet-C2E-mDPTNet [20] and MCFS-TFGridNet [26].

Table 6. Performance comparison with previous TSE approaches on the WHAMR! dataset sampled
at 8 kHz with the min mode.

Method GMAC/s PESQ SDR (dB) SI-SDR (dB)
Mixture - 1.41 -3.5 —6.1
X-TF-GridNet (2024) [12] 68.32 - 10.3 8.5
CIENet-C2F-mDPRNN (2024) [20] 22.96 2.60 11.7 10.6
CIENet-C2F-mDPTNet (2024) [20] 25.88 2.72 12.5 11.4
USEF-Sepformer (2025) [21] 45.80 - 6.8 5.1
USEF-TFGridNet (2025) [21] 125.30 - 114 10.0
DCF-Net (2025) [22] 20.49 - 11.0 9.7
MCFS-TEGridNet (2026) [26] 22.16 2.79 12.2 11.0
LExt-TFGridNetV2 (2025) [24] 183.251 2.94 13.2 12.2
CROCS ¥ 72.73 2.80 12.6 115

* denote the GMAC/S calculated using the configuration settings in [24]. ¥ denote the results with a window size
of 16 ms and a hop size of 8 ms. Bold values indicate the best performance in each column, and underlined values
indicate the second-best performance in each column.

5. Limitations

Although CROCS showed good performance on the Libri2Mix and the WHAMR!
datasets, several limitations remain for practical deployment. Most experiments assume
relatively clean enrollment conditions, whereas real-world enrollment utterances may be
affected by background noise, reverberation, channel distortion, or short speech duration,
which can degrade the performance of TSE systems. Furthermore, CROCS showed a larger
performance gap over the previous TSE methods under clean mixture conditions, whereas
the performance gap became smaller on the WHAMR! dataset, which includes noisy and
reverberant mixture conditions.

6. Conclusions

In this paper, we propose a two-stage target speaker extraction system we call CROCS
with a novel cross-correlation-based fusion block and a dual post-refinement structure. In
the first stage, the cross-correlation between the complex spectra for the enrollment and
mixture was used to obtain attention weights for the enrollment in an analogous form to
the phase-sensitive mask. Then, the fused features and the mixture features are processed
by a speech extraction network to produce a coarsely extracted target speech. The second
stage consists of two parallel branches, one of which processes the first-stage output in the
same manner to the cross-correlation-based fusion in the first stage and the other takes the
concatenation of the mixture and the first-stage output as input to complement possibly
attenuated target speech. In addition, the low-dimensional speaker embeddings extracted
from the enrollment and the speech estimated in the first stage are incorporated in the
speech extraction networks in the second stage through adapter modules to exploit the
speaker discriminability. Experimental results showed that the proposed CROCS achieved
superior performance to the existing TSE methods on the Libri2Mix datasets without and
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with noise, especially for the same gender mixtures. The CROCS was also shown to be
competitive with recently proposed TSE systems for the WHAMR! dataset with noise
and reverberations.
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