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1 Model Architecture

1.1 System Overview
Our submitted system is based on TF-GridNet [1] and is
adapted for causal target speaker extraction in the Online
track. The system takes a single-channel mixture waveform
and an enrollment utterance of the target speaker as inputs,
and estimates the target speaker signal in the complex time-
frequency domain.

The overall system consists of three parts: (1) a pre-
trained Res2Net speaker encoder for extracting the target
speaker embedding, (2) a lightweight speaker conditioning
module for injecting the target speaker information into the
separator, and (3) a causal TF-GridNet separator for estimat-
ing the enhanced complex spectrum.

Given a mixture waveform x and a target-speaker en-
rollment waveform e, the speaker encoder first extracts a
speaker embedding

v = Eϕ(e), (1)

where Eϕ denotes the pre-trained speaker encoder. The sep-
arator then estimates the target-speaker complex STFT from
the mixture STFT and the speaker embedding:

Ŝ = Fθ (STFT(x),v) , ŷ = iSTFT(Ŝ), (2)

where Fθ denotes the causal TF-GridNet separator and ŷ is
the final enhanced waveform.

1.2 Speaker Encoder and Conditioning
We use a Res2Net-based speaker encoder pre-trained for
speaker verification [2]. The enrollment utterance is con-
verted into 80-dimensional log Mel-filterbank features with
a 25 ms window and a 10 ms frame shift at 16 kHz. The pre-
trained speaker encoder outputs a 192-dimensional speaker
embedding. The speaker encoder is kept frozen during TSE
training.

To condition the separator on the target speaker, the
speaker embedding is projected and injected into the TF-
GridNet backbone using a FiLM-style feature modulation
strategy [3]. Specifically, the speaker embedding is mapped
to a channel-frequency modulation tensor:

G = LayerNorm (Wpv) , (3)
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where G has the same channel-frequency dimensions as the
intermediate TF-GridNet features. The modulation is ap-
plied by element-wise multiplication:

H′ = H⊙G, (4)

where H denotes the intermediate feature map and ⊙ de-
notes element-wise multiplication with broadcasting along
the time dimension. In our implementation, the speaker con-
ditioning is applied at the second TF-GridNet block.

1.3 Causal TF-GridNet Separator
The separator follows the general TF-GridNet architec-
ture [1], which performs speech separation in the complex
time-frequency domain. Compared with the original non-
causal TF-GridNet, we modify the temporal operations to
satisfy the online processing requirement.

The main causal modifications are as follows.

• Causal convolution. For convolutional layers involv-
ing the time dimension, we use left padding only and
remove right-side temporal padding. Therefore, the
output at time frame t only depends on the current and
past input frames.

• Causal temporal modeling. The inter-frame tem-
poral modeling module is changed from bidirectional
processing to unidirectional processing. In particular,
the temporal LSTM is implemented as a unidirectional
LSTM so that no future frames are used.

• Causal local attention. For the local self-attention
module, a causal attention mask is used along the time
dimension. Each frame is allowed to attend only to
the current and previous frames within the local con-
text window.

• Frequency-axis modeling. The intra-frame frequency
modeling module is kept bidirectional, because it oper-
ates only along the frequency axis within the same time
frame and does not introduce future temporal informa-
tion.

With these modifications, the separator can process the
mixture in a causal manner. The model predicts the real
and imaginary components of the target speaker spectrum,
which are then converted back to the waveform domain us-
ing inverse STFT.
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1.4 Latency Setting
For the submitted Online-track system, the STFT is com-
puted with a 32 ms Hann analysis window and a 16 ms frame
shift. A fixed lookahead of nfuture = 3 STFT frames is ap-
plied on top of the STFT analysis, corresponding to an addi-
tional 3×16 = 48ms of delay. The total algorithmic latency
of the system is therefore 32ms (STFT) + 48ms (looka-
head) = 80ms. In addition, the latency check performed
using the official script provided by the challenge organizers
reported an average latency of 68.5 ms.

This lookahead is implemented as a fixed output delay
and is applied uniformly to all evaluation utterances. No
utterance-specific latency adjustment or metric-driven post-
processing is used during inference. All evaluation utter-
ances are processed using the same fixed model checkpoint
and the same inference configuration.

2 Training Data
The model was trained using datasets that are permitted by
the challenge rules. The training data were used to construct
mixture and target speech pairs for supervised target speaker
extraction.

Training data composition. The primary training data
consists of two-speaker mixtures synthesized in-house
from LibriSpeech [4] with background noise drawn from
WHAM! [5]. To improve speaker diversity, domain cov-
erage, and generalization, we additionally incorporate four
existing datasets using only their officially permitted sub-
sets for the challenge: AliMeeting [6], AMI [7], Vox-
Celeb [8, 9], and CN-Celeb2 [10, 11]. For these external
corpora, near-field recordings are used as the target speech
while far-field recordings serve as enrollment, simulating re-
alistic enrollment conditions where the reference utterance is
captured under different acoustic settings.

On-the-fly mixture simulation. During training, each
sample is constructed on the fly: a 4.0-second segment is
randomly cropped from the mixture and target waveforms at
the same starting point to ensure temporal alignment. The
enrollment utterance is independently cropped to 10.0 sec-
onds from a random utterance of the target speaker (selected
via the spk2utt mapping), which is always different from
the target sentence.

2.1 Training Objective
The model was trained with a combination of time-domain
and time-frequency-domain reconstruction losses. Given the
estimated waveform ŷ and the ground-truth target waveform
y, the overall training objective is defined as

L = LMR-STFT + LSI-SNR + λmelLMel. (5)

The multi-resolution STFT loss LMR-STFT is computed at
four window lengths, namely 160, 320, 960, and 1920 sam-
ples, corresponding to 10 ms, 20 ms, 60 ms, and 120 ms
at 16 kHz. For each resolution, we use both magnitude re-
construction loss and complex real-imaginary reconstruction

loss on power-compressed spectra. This loss encourages the
enhanced speech to match the target speech across multiple
spectral resolutions. The SI-SNR loss LSI-SNR is used as a
waveform-level objective to directly optimize time-domain
signal quality. Near-silent segments are ignored during SI-
SNR computation using an energy-based silence mask. In
addition, we use an auxiliary log-Mel spectrogram loss LMel

on 80-dimensional Mel-filterbank features. This term is im-
plemented as an ℓ1 loss between the log-Mel spectrograms
of the enhanced and target waveforms, and is used to sta-
bilize training and improve perceptual spectral consistency.
The weight of the log-Mel loss is set to λmel = 0.3. In our
final system, the loss weights were fixed during training and
were not tuned on the evaluation set.

3 Inference Procedure
During inference, the mixture waveform and the target-
speaker enrollment/reference signal were fed into the fixed
model. The model generated the estimated target-speaker
waveform directly. No per-utterance candidate selection, ad-
versarial perturbation, or metric-targeted waveform refine-
ment was applied.

4 Post-processing
Model inference is performed on the raw mixture waveform
without pre-processing. For the REAL-TSE evaluation set,
which contains far-field recordings with notably lower sig-
nal levels than the synthetic training data, the input mixture
is scaled to a peak amplitude of 0.5 before the STFT to miti-
gate the distribution mismatch. The enhanced output is sub-
sequently peak-normalized to 0.9, matching the convention
of the official baseline system. No other post-processing
such as Wiener filtering, dynamic range compression, or per-
utterance adaptation is applied.

5 Compliance Statement
We confirm that the submitted waveforms were generated
by a fixed system version. The official evaluation models,
scores, gradients, embeddings, or any other feedback were
not used to optimize, tune, select among candidates, or post-
process individual evaluation utterances.

The evaluation set was processed only by the fixed
submitted system and was not used as data for repeated
metric-driven optimization. Our submission does not in-
clude metric-targeted waveform refinement, adversarial per-
turbation, or candidate selection with respect to DNSMOS,
speaker similarity, or any other official evaluation metric.
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