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SSDQ: Target Speaker Extraction via Semantic and
Spatial Dual Querying

Xinjia Zhu ", Xinyuan Qian

Abstract—Target Speaker Extraction (TSE) in real-world multi-
speaker environments is highly challenging. Previous works have
largely relied on pre-enrollment speech to extract the target
speaker’s voice. However, such methods are limited in spontaneous
scenarios where pre-enrollment speech or spatial information is
unavailable. To address this, we propose Semantic and Spatial Dual
Querying (SSDQ), a unified framework that integrates natural
language descriptions and region-based spatial queries to guide
Target Speaker Extraction (TSE). SSDQ employs dual query en-
coders for semantic and spatial cues, fusing them into the audio
stream via a FiLM-based interaction module. A novel Controllable
Feature Wrapping (CFW) mechanism further enables a dynamic
balance between speaker identity and acoustic clarity. We also in-
troduce SS-Libri, a spatialized mixture dataset designed to bench-
mark dual-query systems. Extensive experiments demonstrate that
SSDQ achieves superior extraction accuracy and robustness under
challenging conditions, yielding the SI-SNRi of 19.63 dB, SNRi of
20.30 dB, PESQ of 1.83, and STOI of 0.26.

Index Terms—Target speaker extraction, multi-modal, multi-
channel target speaker extraction.

1. INTRODUCTION

PEECH Enhancement (SE) [1], [2], [3], [4] and Speech
Separation (SS) [5], [6] are techniques that either improve
the overall signal quality or separate all sources regardless of
the speaker identity. In contrast, TSE focuses on isolating and
extracting the speech of a specific target speaker from a mixture
of overlapping audio sources. Because it does not require prior
information about the number or identity of interfering speakers,
TSE finds particular utility in applications like personalized
voice assistants [7] and speaker-specific transcription [8], where
the aim is to focus solely on a target speaker’s voice.
Traditional TSE methods [9], [10], [11], [12], [13] often rely
on audio cues to distinguish the target speaker from a mixture
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of sources, such as leveraging pre-recorded clean speech as
auxiliary information to guide the extraction process. However,
such reliance poses a major limitation, as clean reference audio
is seldom available in real-world scenarios, particularly in Al
speech assistant applications, where prior knowledge of the
target speaker is typically unavailable. Other prevalent TSE
methods [14], [15], [16] utilize visual cues, such as lip or gesture
movements and facial features, to identify and isolate the target
speaker. Although these methods provide valuable information,
they also have limitations, as visual cues may not always be
available or reliable in all scenarios.

By leveraging multi-channel microphone arrays or other
spatially-aware sensors, methods [17], [18] can locate the posi-
tions of sounding objects. Indeed, spatial TSE methods [19],
[20], [21] can also exploit the relative positions of speakers
to help isolate the target voice. However, these methods still
face challenges, particularly when the speaker’s precise spatial
location and identity are unknown. In parallel, the emergence
of text-query based TSE methods [22], [23], [24] introduces
a promising new modality for guiding speaker extraction via
natural language descriptions. While such semantic guidance
enhances flexibility and applicability in open-domain scenarios,
these methods often lack the spatial resolution needed to dis-
ambiguate multiple candidates with similar textual traits. To the
best of our knowledge, no existing work has jointly leveraged
both spatial and semantic cues to guide target speaker extraction.
Combining these complementary modalities enables accurate
extraction, especially in complex auditory scenes involving mul-
tiple speakers with overlapping speech content.

To address these challenges, we propose SSDQ, a novel
approach that integrates both semantic and spatial queries for
TSE. As shown in Fig. 1, it utilizes dual queries: (i) a spatial
query defines a precise region through a concrete angular range
and (i) a semantic query defines speaker attributes and a vague
region (e.g. front-left). The contributions are as follows:

® We introduce SSDQ, a unified framework that jointly
leverages semantic and spatial queries from multi-channel
audio to enable robust target speaker extraction in complex
multi-speaker scenarios.

e We propose CFW, a novel feature modulation technique
that dynamically adjusts the model’s attention between
speaker identity and speech clarity.

e We design and collect SS-Libri, a synthetic spatialized
mixture dataset that showcases the potential of dual-query
systems to improve TSE.

e Experimental results demonstrate that SSDQ achieves su-
perior performance, with the SI-SNRi of 19.63 dB, SNRi
of 20.30 dB, PESQ of 1.83, and STOI of 0.26, outperform-
ing existing methods in both intelligibility and perceptual
quality.
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Fig. 1. Our proposed TSE via semantic and spatial dual querying. The spatial
query specifies a spatial direction, while the semantic query defines speaker
attributes and vague direction, allowing precise isolation of the target speaker
(Spk: speaker).

II. METHODS

A. Problem Formulation

Letz™ (7) denote the target speaker’s speech, s (7) represent
the interference speech signal from the i-th interfering speaker,
and n™ be the noise signal, where ¢ € {1,2,...,C} and C' is
the total number of interfering speakers. Here, m denotes the
channel index, with multiple channels capturing spatial audio
information. The mixture speech y™(7) can be expressed as

C
y™(r) =h{" «z(r) + Zh:" ssi(m)+0™(r) (1)

where h{* and h]" are the Room Impulse Response (RIR)
vectors between the target speaker and interfering speakers.
* denotes the convolution operator. Specifically, TSE aims to
extract the estimated z(7) that approximates z(7) from y™ (7).

B. Overview

To extract the target speaker from spatialized speech mixtures,
we propose a novel TSE framework, SSDQ. As shown in Fig. 2,
SSDQ is guided by two complementary inputs: (i) a spatial
query @ spq represent a precise region through a concrete angular
range, and (ii) a semantic query Qsm, Which encodes speaker
attributes such as gender and vague spatial region. The input
mixture y°(7) is first encoded into frame-level features y;.
Spatial features are extracted via Interaural Phase Difference
(IPD) and Target Phase Difference (TPD) computation, guided
by Qspa, to produce a spatial embedding cqp,. In parallel, the
semantic query is encoded into a semantic embedding cCgep.
These are fused via a FiLM-based modulation to produce a
multimodal representation x;. The fused features are processed
by a DPRNN to model both intra-chunk and inter-chunk depen-
dencies, resulting in intermediate output m;. A CFW module
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then integrates m; and the original y; using ResBlock1D and
TCN layers, yielding enhanced features w,. These are combined
with y; to reconstruct the target speech z(7).

C. Speech Encoder

The first channel of the multi-channel input, y°(7), is en-
coded by a 1-D convolutional front-end to produce frame-level
representations:

Yt = Encspeech (yo(T)) (@)
where Encepeecn(-) denotes a temporal encoder with over-
lapping convolutional windows of kernel size [, and t €

{L,..., LQ(Tli;lk)J + 1} indexes the output frames.

D. Spatial Feature Calculation

Following [25], IPD is computed in the time domain us-
ing convolutional kernels approximating the short-time Fourier
transform (STFT) filters. For microphone pair (w1, us):

ui y [re ug y Fre
IPDS}) = arctan u — arctan u 3)
yux FO yu « B

where y“0) denotes the waveform input, * denotes the convolu-
tion operator, n is the time frame index, and f is the frequency
bin. F7% and F}% are the real and imaginary kernels.

To compute TPD, we define Qgpa = {[0s, 0]}, where 6, and
0. represent the start and end azimuth angles (in degrees) that
define the spatial sector of interest. Subsequently, we sample
azimuth angles {0}/ | within this interval for directional rea-

soning and compute corresponding theoretical delays ¢(*)(6},).
Following Rezero [26], these are embedded as phase patterns
e%% [n], where n € [1, T']. We then compute the cosine similar-
ity between the IPD and TPD embeddings:

1~/ u
V(u) _ T Z <el(P[)) [n]7 e"([‘PJ)) [TL]> (4)

cos(IPD(™[n])
sin(IPD(™)[n])
bedding is averaged over all microphone pairs U/, and the spatial
CUE Cgpq 1S computed as:

with egj]% [n] is defined as: [ ] . The spatial em-

1
Cspa = Concat(IPD, V), V = Tl Z V(@) (5)

ueld

E. Text Encoder

The semantic query Qs incorporates two key components:
(1) speaker attributes (e.g., gender), and (ii) a vague spatial region
(e.g., front-left or rear-right). This query is encoded into a se-
mantic cue ¢, using a pretrained text encoder—specifically, the
Contrastive Language-Audio Pretraining (CLAP) model [27],
which is designed to align audio and textual modalities in a
shared semantic space:

Csem = Enctext(@sem) ©6)
where Encey(+) denotes the text encoder.

F. Fusion

The speech feature y; is concatenated with the spatial cue
Cepa to yield a fused embedding x;. To incorporate semantic
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Architecture of the proposed SSDQ network. The input mixture speech y° () is first encoded into frame-level representations y¢. A spatial query Qspa

guides the computation of a spatial cue vector cgp,, while a semantic query Qsem 1s embedded into a semantic cue cgep Via a pretrained text encoder. These cues are
fused with y+ using Feature-wise Linear Modulation (FILM) to produce a query-aware representation. A Dual-Path Recurrent Neural Network (DPRNN) models
both intra- and inter-chunk dependencies, and the CFW module refines the output m;, generating a wrapped feature w that is added to y. The final target speech

z(7) is reconstructed from the fused features.

information, we apply FiILM [28], where the semantic cue cgp
is used to modulate x; through learned scaling and shifting:

FiLM(Xt; Csem) - ’y(csem) Ox;+ ,Uf(csem) (7)

Here, +(-) and p(-) are functions that generate scale and bias
parameters conditioned on Cyep.

G. Mask Estimator (DPRNN)

The mask m; is estimated from the embedding FiLM
(X¢, Csem) € RT*P. The input is segmented into overlapping
chunks and fed into a DPRNN. The intra-chunk stage captures
short-term dependencies via a Bi-LSTM, followed by linear
projection and Layer Normalization (LN). The inter-chunk stage
models long-range temporal structure using another Bi-LSTM
with LN.

H. CFW and Speech Decoder

Inspired by [29], we design a Controllable Feature Wrap-
ping (CFW) module that refines an estimated mask w, by
integrating early speech features from the encoder output y,
with the estimated mask m; which is the output of DPRNN.
Structurally, CFW comprises a series of two ResBlock1D layers
and a Temporal Convolutional Network (TCN), which together
form the transformation function ¢(-). The wrapped feature is
computed as:

wi =my; + Py, my) - A ®)
where A € [0,1] is a tunable scalar of reference features. A
higher A emphasizes speaker identity, while a lower A prioritizes
speech clarity and disentanglement.

The wrapped feature w, is then used to generate the masked
embedding via element-wise multiplication, and the final target
speaker waveform z(7) is reconstructed through an overlap-and-
add (OnA) operation z(7) = OnA(w; © y¢).

III. EXPERIMENTS AND RESULTS

A. SS-Libri Dataset

Existing datasets such as AudioCaps [30] have contributed
significantly to audio-language research, but they are limited to
single-channel audio and do not provide spatial multi-channel

recordings with corresponding textual annotations. Due to the
lack of publicly available datasets containing both spatial and
semantic information, we generate our own synthetic data.
Specifically, we construct a spatialized multi-channel dataset,
SS-Libri, by augmenting the single-channel recordings from the
LibriSpeech [31] corpus with simulated spatial and directional
cues.

1) Synthetic Spatial Mixture: We use the train-clean-100
subset to generate training data, and dev-clean and test-clean
subsets for validation and testing, respectively. Room impulse
responses (RIRs) are simulated using the gpuRIR [32] toolkit. A
circular four-microphone array with 5 cm radius is placed at the
center of the room, with cardioid directivity. Using this setup,
we generate 14,197, 1,329, and 1,231 multi-channel mixtures
for the training, validation, and test sets of SS-Libri.

2) Generated Semantic Query: We leverage text queries that
jointly describe speaker characteristics (e.g., gender) and coarse
directional information (e.g., angular sector). Each semantic
query Qsem encodes these two components in natural language,
such as: “Extract speech with a gender of sex in the direction
of sector.” We first manually design a small set of base query
templates that cover key combinations of speaker attributes and
direction-related expressions. These foundational templates are
then expanded using ChatGPT-40 [33] to generate a diverse and
natural set of text prompts.

B. Evaluation Metrics

We evaluate models using four widely adopted metrics: Scale-
invariant Signal-to-Distortion Ratio improvement (SI-SDRi),
Signal-to-Distortion Ratio improvement (SDRi), Perceptual
Evaluation of Speech Quality (PESQ) and Short-Time Objective
Intelligibility (STOI).

C. Experimental Setup

We train separate models for each type of query input to
ensure fair comparisons. During training, we adopt the SI-SDRi
as the loss function to optimize the extracted speech quality. The
implementation is based on PyTorch 2.0, and all experiments
are conducted on a server equipped with two NVIDIA RTX
4090 GPUs. In our setting, the combination of semantic and
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TABLE I

IEEE SIGNAL PROCESSING LETTERS, VOL. 32, 2025

PERFORMANCE EVALUATION OF TSE METHODS WITH DIFFERENT QUERIES ON SS-LIBRI DATASET

Query Cue Method Trainable Params (M) Runtime (s) SI-SDRi (dB)f SDRi (dB)1
Speaker Attributes AudioSep CLAP [22] 26.4 1.41 1.617 1.902
Speaker Attributes CLAPsep [24] 443 1.67 7.792 6.770
Semantic Query Speaker Attributes Ours (W/0 Qspa) 39 0.58 14.790 15.581
Vague Region Ours (W/0 Qspa) 39 0.58 -0.021 -0.013
Speaker Attributes + Vague Region ~ Ours (W/0 Qspa) 39 0.60 15.235 16.019
Spatial Quer Precise Region Rezero [26] 12.3 1.33 9.088 9.678
p uery Precise Region Ours (W/o Qsem) 39 0.62 11.254 12.171
Semantic Query + Spatial Query Speaker Attributes + Speaker Region Ours (DualQuery) 3.9 0.67 19.634 20.302
spatial queries is designed to uniquely identify the target speaker
without ambiguity in each scenario. Specifically, there is only sTol
one target speaker that matches both the semantic and spatial . Zgi?
o, . . . . 1.00
conditions simultaneously, enabling precise target extraction. e SI-SDRi 080 %% 1.0 @

D. Results

Table I presents a comparative evaluation of TSE methods
using different query and cue types on the SS-Libri dataset.
The evaluation focuses on four dimensions: model capacity (in
terms of trainable parameters), runtime efficiency, and separa-
tion performance measured by SI-SDRi and SDRi. We define
the speaker region as a spatial cue that includes both vague (e.g.,
“front-left”) and precise (e.g., [22.5°, 67.5°]) spatial descriptors.
Speaker attributes refer to identity-related cues such as gender
or role (e.g., “man”). For semantic-only queries, our method
achieves a substantial improvement over the state-of-the-art
CLAPsep [24], reducing the parameter count from 44.3 M to just
3.9 M, while increasing SI-SDRi from 7.792 dB to 14.790 dB
and SDRi from 6.770 dB to 15.581 dB. Notably, using vague
regions alone leads to performance collapse (e.g., SI-SDRi:
—0.021 dB), highlighting the insufficiency of imprecise spatial
information. However, fusing vague region cues with speaker
attributes mitigates this degradation and yields an SI-SDRi
of 15.235 dB. Spatial-only queries using precise regions also
perform well, with our model outperforming Rezero [26] despite
having significantly fewer parameters (3.9 M vs. 12.3 M) and
achieving higher SI-SDRi (11.254 dB vs. 9.088 dB). Combining
both semantic and spatial cues (DualQuery) delivers the best
performance, reaching 19.634 dB SI-SDRi and 20.302 dB SDRi,
while maintaining a low parameter budget and fast runtime.

E. Ablation Studies

Fig. 3 presents the relationship between input SNR levels
and four key evaluation metrics—SI-SDRi, SDRi, PESQ, and
STOI—after applying min-max normalization to map all val-
ues into the range [0, 1], enabling cross-metric comparison. As
the SNR increases from —5 dB to +5 dB, all four metrics
reflect consistent improvements in speech extraction quality
under progressively cleaner acoustic conditions. Specifically,
SI-SDRi and SDRi show the most rapid gains, indicating their
high sensitivity to SNR variation. These results confirm that
signal-to-noise conditions significantly influence all metrics.

Fig. 4 illustrates the variation of SI-SDRi and SDRi perfor-
mance metrics under different A settings in the CFW module.
As shown in the figure, setting A to O is equivalent to disabling
the CFW module. Both metrics achieve their peak performance
when A is set to 0.75, with SDRi of 20.303 dB and SI-SDRi of
19.634 dB. Compared to the lowest-performing setting at . = 0,
this configuration improves SI-SDRi by 1.015 dB and SDRi by

6

Fig. 3. Normalized metric differences vs. SNR.

. SI-SDRi

20.5 4 SDRi

20.301 20.303

20.072
19.989
20.0

19.616

0.5
A

0.75 1.0

Fig. 4. Effect of A on SI-SDRi and SDRi in the CFW module.

0.93 dB. The result suggests that A setting of 0.75 provides an
effective balance between speaker identity and acoustic clarity
in the CFW.

IV. CONCLUSION AND FUTURE WORK

In this work, we introduce SSDQ, a novel framework that
integrates semantic and spatial cues via natural language and
region-based queries for multi-channel target speaker extrac-
tion. While the current study focuses on fundamental speaker
attributes (e.g., gender) and predefined spatial cues, it serves as
a first step toward more expressive and flexible query-driven
speech extraction. Future work will aim to broaden the semantic
query space to include richer speaker characteristics, such as lan-
guage and speaking style. We also plan to explore more diverse
and fine-grained spatial descriptions to improve generalization
and applicability in real-world environments.
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