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I. SYSTEM OVERVIEW

The submitted system is based on USEF-TFGridNet and
adopts a Schrodinger Bridge formulation for target speaker
extraction as shown in Fig. 1. The bridge process uses the
mixture speech as the endpoint at £ = 0 and the target speaker
speech as the endpoint at ¢ = 1. During training, the model
predicts the target speaker speech from intermediate bridge
states. During inference, the model starts directly from the
mixture endpoint and performs target speaker extraction with
a single forward pass.

II. BACKBONE: USEF-TFGRIDNET

The backbone is USEF-TFGridNet [1], which combines the
speaker-embedding-free target speaker extraction framework
with the TF-GridNet separator. In USEF-TSE, the enrollment
speech is not converted into a fixed speaker embedding
by an external speaker embedding extractor. Instead, frame-
level enrollment features are used through cross-attention to
provide target-speaker information to the separator [1]. TF-
GridNet performs target speech estimation in the complex
time-frequency domain and models spectro-temporal depen-
dencies with stacked TF-GridNet blocks [2].

III. SCHRODINGER BRIDGE FORMULATION

Schrodinger Bridge describes a stochastic transport path
between two endpoint distributions [3]-[5]. Let y denote the
mixture speech and s denote the target speaker speech. The
bridge endpoints are defined as zyp = y and x; = s, where
t = 0 corresponds to the mixture speech and ¢ = 1 corresponds
to the target speaker speech.

For a sampled time ¢ € [0, 1], the intermediate bridge state
is constructed as x; = wy(t)y + ws(t)s + o(t)z, where z ~
Nc(0, I). Here, wy(t), ws(t), and o(t) are determined by the
Schrodinger Bridge noise schedule. This construction satisfies
ry >yast—0and x; - sast— 1.

IV. TRAINING AND ONE-STEP INFERENCE

During training, a time step ¢ € [0, 1] is randomly sampled,
and the bridge state x; is constructed from the mixture-target
pair (y, s). The model takes x, the enrollment speech r, and ¢
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Fig. 1. Overview of the proposed structure.

as inputs, and predicts the target speaker speech. The training
objective is the negative SI-SDR loss, £ = —SI-SDR(3, s).

During inference, the clean target speech is unavailable.
Since the bridge endpoint at ¢ = 0 is defined as xyp = y,
the input state is set to the mixture speech and ¢ is fixed to 0.
Target speaker extraction is performed with a single forward
pass conditioned on the enrollment speech.

V. ONLINE MODEL

For the Online track, the causal model uses frame-wise RI-
domain normalization instead of global waveform-level scale
normalization, so the normalization statistics of each frame
depend only on the current frame. The GroupNorm layer
after the input convolution is replaced with channel layer
normalization. In each TF-GridNet block, the inter_rnn is
changed from bidirectional LSTM to unidirectional LSTM.
Temporal self-attention is restricted by a limited-lookahead
mask, where each query frame attends only to past frames
and at most one future frame.

The configured algorithmic latency is 64 ms, consisting of
8 ms STFT latency, 8 ms causal convolution latency, and 48
ms look-ahead from six TF-GridNet blocks with one future
frame per block. The latency verification result is 70 ms, which
satisfies the 100 ms Online Track requirement.

VI. TRAINING DATASET

To better match the REAL-TSE Challenge setting [11],
training data are generated online with simulated multi-speaker
meeting and dinner-party scenarios. Speech sources are sam-
pled from LibriSpeech train-clean-100 and train-clean-360 [6],
EARS [7], and VCTK [8]. Noise signals are sampled from the
indoor scenes of RealMAN [9] and DEMAND [10].



Room acoustics are simulated on the fly using FRAM-RIR
[12]. Each room is rectangular, with length 4.0-12.0 m, width
3.2-8.0 m, height 2.4-3.6 m, and RT60 0.05-0.60 s. A round,
square, or rectangular table is randomly placed in the room.
Speakers are arranged around the table, and the microphone
is placed near the table center. The early RIR is defined by
the first 50 ms of the room response.

Each sample contains a 6-second mixture, a target speaker
signal, and a noisy enrollment utterance. The mixture contains
2-5 speakers. The target speaker is randomly selected from
the mixture speakers, and enrollment is sampled from another
utterance of the same speaker with duration 5-15 s. Two
mixture-target branches are sampled with equal probability.
In the first branch, both mixture sources and target use early
RIRs. In the second branch, the mixture uses full reverberant
RIRs and the target uses early RIRs. Enrollment is generated in
an independently sampled room and can be either reverberant
or early. Both mixture and enrollment are corrupted by additive
indoor noise with SNR uniformly sampled from 5 to 30 dB,
and their levels are normalized to —20 to —10 dBFS.

VII. VALIDATION STRATEGY AND RULE COMPLIANCE

The internal validation set is pre-generated by the online
data generation pipeline and contains 1000 simulated samples.
The model is trained continuously without a fixed epoch
schedule. At regular intervals, the current top-10 checkpoints
are selected according to the validation loss on the internal
validation set and averaged to obtain a candidate averaged
model. Candidate models are evaluated on the REAL-TSE
development set, and the final submission model is selected
according to the overall performance on TER, Speaker Simi-
larity, Timing F1, and DNSMOS OVRL. The selected model
is then used to generate the evaluation-set submission.

No additional post-processing is applied. The submitted
waveforms are directly generated by the selected fixed model
with one forward pass. For the evaluation set, the official
evaluation models, scores, gradients, embeddings, or other
feedback are not used to optimize, tune, select candidates, or
post-process individual utterances.

VIII. RESULTS

Table I reports the results on the REAL-TSE development
set. The official non-causal baselines are included for com-
parison. Tables II and III show the evaluation results on the
Online and Offline tracks, respectively. On the evaluation set,
our team WasedaM ranks 6th in the Online track and 4th in
the Offline track.

TABLE 1
RESULTS ON THE REAL-TSE DEVELOPMENT SET.
Model TER] Fif SIMT OVRLT
BSRNN_EMB 0693 0841 0501  1.660
BSRNN_TFMAP 0703 0.838 0.521  1.500
ours 0442 0.887 0512 2259
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TABLE 11
EVALUATION RESULTS ON THE ONLINE TRACK.

Rank Team TER] FI1 SIMtT OVRLYT
1 CARTSE 0.699 0.848 0.504 3.436
2 DeepSound 0.713  0.849 0.524 2.151
3 SonicAGI 0.719 0.847 0.480 2.399
6 WasedaM  0.719 0.855 0.446 2.206

TABLE III
EVALUATION RESULTS ON THE OFFLINE TRACK.
Rank Team TER] FI1t SIMt OVRL?T
1 MERL-SA  0.593 0.866 0.989 4.060
2 YiJiaHe 0.639 0.871 0.565 3.460
3 CARTSE 0.651 0.857 0.544 3.364
4 WasedaM  0.675 0.858 0.480 2.324
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