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Abstract—This report describes the ADT_audio submission
to the REAL-TSE Challenge Track-1. The task requires online
target speaker extraction under a 100 ms algorithmic latency
limit and ranks systems by the mean dense-rank of four partly
competing metrics: transcription error rate, timing activity
F1, speaker similarity, and DNSMOS overall. Starting from
the official causal BSRNN baseline, we keep the architecture
strictly causal (K=0, measured maximum future dependency
26.0 ms) and make the main changes in data composition,
augmentation, and training objectives. The submitted system,
BSRNN_TFMAP_CAUSAL_realaug vitw_ft, uses 32k VitW
(Voices-in-the-Wild-2M) real distorted recordings as interference-
only speakers, while clean LibriLight and AISHELL-1 utterances
remain the target pool. This keeps the target reference clean
for SI-SDR and speaker losses while exposing the separator to
real far-field and device-distorted interference. The loss combines
SI-SDR with MRSTFT, phase, speaker, complex-spectrum, and
consistency terms. On the 5,000-utterance EVAL set, the single
submitted model obtains 0.738 TER, 0.853 Timing-F1, 0.483 SIM,
and 1.938 DNSMOS-OVRL, giving a dense-rank score of 6.50 and
fourth place overall. Timing-F1 ranks second among all teams.

Index Terms—target speaker extraction, causal speech sepa-
ration, real-world speech, data augmentation, domain mismatch

I. INTRODUCTION

The REAL-TSE Challenge Track-1 [1] requires recovering
a target speaker from a multi-speaker mixture using a short
enrollment utterance, under a 100 ms algorithmic latency bud-
get. Systems are evaluated by transcription error rate (TER),
timing activity F1 (Timing-F1), speaker similarity (SIM), and
DNSMOS overall (DNSMOS-OVRL) [2]. The final score is
the mean dense rank over the four metrics, lower being better.

Several constraints shaped our design. First, the online
track leaves little room for non-causal processing. Second, the
metrics are not independent: aggressive suppression of non-
target energy may improve perceived cleanliness, but it can
also remove target speech and hurt TER or SIM [3]. Third, the
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evaluation audio is recorded in real conditions and carries far-
field acoustics, codec artifacts, bandwidth limits, and device-
specific coloration that clean speech plus ordinary additive
noise does not fully cover. Finally, the challenge rules require
the evaluation set to be processed by a fixed submitted system,
without per-utterance metric-driven optimization or candidate
selection.

We made three official submissions. The first,
BSRNN_TFMAP_CAUSAL_realaug_ft (June 16),
strengthened the synthetic augmentation recipe and reached
rank 6 overall with EVAL DNSMOS 2.051. The second,
BSRNN_TFMAP_CAUSAL_la_lookahead_ft (June 24),
added K=2 look-ahead frames; it improved DEV DNSMOS
but transferred only a small DNSMOS gain to EVAL
and regressed on TER and SIM. The final submission,
BSRNN_TFMAP_CAUSAL_realaug_vitw_ft (June
26), replaced the intensified synthetic-only route with real
distorted VitW interference and a structured multi-objective
loss. It gave the most balanced EVAL result among our three
submissions and is the system described below.

II. ARCHITECTURE

The model is TSE_BSRNN_SPK, structurally identical to
the official t fmap_context_causal_100 baseline. The
separator is a band-split RNN [4] operating on the complex
STFT with a 512-sample window and 128-sample hop, corre-
sponding to 32 ms and 8 ms at 16 kHz. The separator uses
128-dimensional features and 6 repeated blocks. The speaker
branch is ECAPA-TDNN [5] (ECAPA_TDNN_GLOB_c512),
mapping 80-dimensional filter-bank features from the en-
rollment utterance to a 192-dimensional speaker embedding.
Speaker information is injected into the separator through
tfmap multiplicative fusion together with a 512-dimensional
context embedding. The waveform is reconstructed by inverse
STFT.

All convolutions are strictly causal (K=0, no look-ahead).
The official latency_verification script measures



maximum future dependency at 26.0 ms, with 23.0 ms mini-
mum and 24.4 ms mean, below the 100 ms limit. We tested
K=2 look-ahead during development; it raised DEV DNSMOS
to about 2.024, but EVAL reached only 2.074 and TER/SIM
regressed. Its measured latency was about 90 ms, leaving little
margin. We therefore kept the submitted model at K=0.

III. DATA STRATEGY

The data strategy is the main difference from the official
baseline. Rather than changing the separator, we changed
which distortions the separator sees during training and how
they enter the mixture.

A. Motivation

Our first submission used stronger synthetic augmentation
on clean speech: MUSAN noise [6], FRAM-RIR reverbera-
tion, and enrollment degradation. It reached rank 6 with EVAL
DNSMOS 2.051, but further intensification of the same recipe
improved DEV DNSMOS while lowering EVAL DNSMOS.
We read this as a sign that the model was learning the
specific noises and reverberation patterns in the augmentation
set, rather than the broader capture-chain variation in real
recordings.

Real conversations include effects that additive noise and
ordinary room impulse responses do not fully reproduce: far-
field capture, device frequency response, bandwidth limitation,
low-bitrate or telephone-grade coding, and other recording-
chain artifacts. The VitW corpus [7] provides real far-field and
device-distorted speech at scale, so we use it to bring these
conditions into training.

B. Interference-Only VitW

VitW recordings do not have clean references. Using them
as targets would make SI-SDR and speaker-similarity super-
vision ambiguous, because the target reference itself would
contain unknown distortion and background. We therefore use
VitW only as interference. In the sampler, speakers tagged
with a vitw_ prefix are excluded from the target slot and
enter only the interference pool. This keeps target references
clean while injecting real far-field and device characteristics
into the mixtures.

C. Data Composition

The final training pool contains 152,000 single-speaker
sources. LibriLight [8] contributes 72k English clean utter-
ances and AISHELL-1 [9] contributes 48k Chinese clean ut-
terances; both are candidate targets. VitW contributes 32k real
distorted recordings as interference. The VitW subset covers
four scenes: far_field (12k), far_field_recording
(8k), recording (6k), and distortion (6k), with dura-
tions between 2 and 8 s. The echo scene is excluded because
it introduced audible artifacts in pilot runs. The number of
speakers per mixture follows 1/2/3—4 = 0.1/0.6/0.3, capped at
4,

IV. AUGMENTATION RULES

Figure 1 shows the online generation pipeline. The augmen-
tation recipe is organized as a set of composition rules rather
than independent switches:

1) Noise. MUSAN noise is added with probability 0.4,
reduced from the stronger synthetic recipe to avoid
overfitting to the MUSAN distribution.

2) Noise skip. MUSAN is skipped when a VitW source is
present, because VitW already carries real background
noise and stacking synthetic noise would create an
unrealistic mixture.

3) Reverberation. FRAM-RIR is applied with probability
0.5, rt60 sampled from [0.1,0.6] s, and room size from
3 to 8 m.

4) Reverberation skip. Synthetic RIR is applied to clean
sources but skipped for VitW interference, since VitW
recordings already include real room and device effects.

5) TIR. Target-to-interference ratio is sampled from
[—10, 5] dB, lower than the baseline [—5,10] dB range,
to cover low-target-fraction mixtures.

6) Gain. A global gain from [—12,0] dB is applied after
mixing.

7) Enrollment degradation. With probability 0.3, one
or two device-style degradations are applied to the
enrollment: 8 kHz bandwidth limiting and resampling
back, peaking-EQ coloration, p-law coding, or light real-
RIR reverberation. This models cross-device enrollment
mismatch.

8) Segment length. All segments are trimmed or padded
to 3 s, or 48,000 samples at 16 kHz.

V. L0OSS AND TRAINING

A. Multi-Objective Loss

The training loss is a six-term weighted sum:

L = Lsr.spr + 0.2 Lyvrster + 0.1 Eph + 0.1 Espk
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Let s be the clean target waveform and 5 be the estimate.
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Fig. 1. Online data generation and augmentation. Clean LibriLight/AISHELL-1 utterances form the target pool. VitW recordings are tagged as interference-
only and never enter the target slot. MUSAN and synthetic RIR are applied with skip rules to avoid stacking synthetic noise or reverberation on top of already
distorted VitW recordings. Enrollment-side degradation is applied independently.

The phase, complex-spectrum, speaker, and consistency terms
are
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Here E(-) is the ECAPA speaker embedding extractor, and
X, X denote the default-resolution complex spectra. All norms
are averaged over the corresponding time-frequency bins and
batch items. The auxiliary weights are intentionally small so
that they guide training without overpowering SI-SDR [3].

B. Training Procedure

We start from the official baseline, fine-tune for 11 epochs
on clean speech with synthetic augmentation to obtain an
intermediate checkpoint, and then continue for 4 more epochs
on the VitW-augmented mixture. Optimization uses Adam
with an exponentially decaying learning rate from 2.0 x 10~°
to 1.0 x 1075 and weight decay 10~%. Training runs on 8
GPUs with distributed data parallel, batch size 8 per GPU,
automatic mixed precision, gradient clipping at 5.0, and fixed
seed 42.

The submitted model is a single seed, single checkpoint
system: the final checkpoint of the last epoch is used. There
is no weight averaging, model averaging, or ensembling.
We tested checkpoint averaging over consecutive epochs and
found it harmful: SIM dropped from 0.566 to below 0.38 and
TER rose from 0.546 to above 0.77. We therefore did not
treat neighboring checkpoints as safely interchangeable for this
architecture.

VI. INFERENCE AND POST-PROCESSING

At inference time, each utterance is processed once by the
fixed submitted checkpoint. The only waveform reconstruction
step is the model’s own inverse STFT. We do not apply
an additional denoiser, dereverberation model, enhancement
model, loudness tuning, candidate reranking, or metric-based
waveform refinement after the model output. In particular,

there is no per-utterance post-processing selected with respect
to DNSMOS, SIM, TER, Timing-F1, or any official evaluation
model.

VII. EXPERIMENTS

A. Setup

The challenge provides a DEV split of 1,991 utterances
with references for local validation and an EVAL split of
5,000 utterances for official ranking. We use DEV for model
development and diagnosis, and report the official leader-
board scores for EVAL. Latency is checked with the official
latency_verification script.

B. Official EVAL Results

Table I shows the final EVAL results. The system places
fourth overall with a dense-rank score of 6.50.

TABLE 1
FINAL EVAL RESULTS FOR THE SUBMITTED SYSTEM.
Metric Value dense-rank
TER (}) 0.738 6
Timing-F1 (1) 0.853 2
SIM (1) 0.483 5
DNSMOS-OVRL (1) 1.938 13
Score 6.50 4

Timing-F1 is the submitted system’s best-ranked metric:
0.853 ranks second among all teams and is within 0.002 of
the best Timing-F1 score. The strictly causal 26 ms front end
therefore did not prevent accurate target-activity timing. TER
and SIM are competitive but not leading. DNSMOS-OVRL is
the weakest metric and accounts for most of the remaining
gap to the top systems.

C. Evolution Across Submissions

The three submissions trace the design path. The first
submission, BSRNN_TFMAP_CAUSAL_realaug_ft,
showed that stronger augmentation could help the
overall system but also revealed limited EVAL
headroom for a fixed synthetic recipe. The second,
BSRNN_TFMAP_CAUSAL_la_lookahead_ft,
tested K=2 look-ahead as an architectural change.
DEV DNSMOS rose from 1.575 to 2.024 at epoch



11, but EVAL improved only slightly to 2.074
and TER/SIM  regressed. ~The final  submission,
BSRNN_TFMAP_CAUSAL_realaug_vitw_ft, switched

to real distorted VitW interference and gave the most balanced
result across the four metrics.

D. DEV-EVAL Behavior

Table II summarizes the DNSMOS-OVRL pattern across
representative development variants. The main observation is
that DEV perceptual gains were not reliable predictors of
EVAL perceptual gains.

TABLE II
DNSMOS-OVRL ACROSS REPRESENTATIVE VARIANTS. DEV GAINS DID
NOT RELIABLY TRANSFER TO EVAL.

DEV OVRL EVAL OVRL

Variant

bsrnn_realaug_ft 1.575 2.051
bsrnn_la_lookahead_ft 2.024 2.074
Perceptual loss + real RIR 1.892 1.955
+ CN data

bsrnn_realaug_vitw_ft 1.839 1.938

The background-noise component of DNSMOS showed the
clearest DEV-EVAL split. On DEV, augmentation variants
tended to raise BAK; on EVAL, the same family of changes
lowered it, especially on unseen conversations. Within the
VitW route, we also varied overlap ratio (timeline-controlled
[0.3,1.0] instead of fixed full overlap) and relaxed TIR to
[—5,5] dB. These changes did not improve EVAL DNSMOS.
This suggests that the missing variation is not only mixture
geometry, but the broader recording chain: bandwidth, codec,
device response, and cross-device enrollment.

E. Alternatives Not Used

We explored several alternatives that were not included
in the submitted system. A causal GTCRN backbone [10]
with FiLM speaker conditioning was trained from scratch. Its
training loss decreased, but DEV metrics did not reach the fine-
tuned BSRNN: the best checkpoint reached DNSMOS 1.676,
while SIM was about 0.524 and TER stayed near 0.62. A
from-scratch causal backbone likely needs substantially more
training data and time to match a strong fine-tuned BSRNN.

We also tested a speaker-consistency loss without the other
auxiliary losses. It improved DEV SIM but hurt DNSMOS,
reflecting the same suppression-versus-completeness trade-off
seen in the official metrics: preserving more target identity can
also leave more residual interference.

VIII. COMPLIANCE

The EVAL waveforms were produced by the fixed submitted
model BSRNN_TFMAP_CAUSAL_realaug_vitw_ft ina
single pass. The submitted system is an Online-track system:
it uses K=0 causal processing, no look-ahead frames, and a
verified maximum future dependency of 26.0 ms, below the
100 ms limit. We did not use per-utterance post-processing,
metric-driven waveform refinement, candidate selection, or
optimization based on official evaluation scores, gradients,
embeddings, or model feedback. Official evaluation models

and scripts were used only for allowed local validation and
analysis during development, not as training objectives on
evaluation utterances and not for selecting among candidates
on the evaluation set.

IX. CONCLUSION

This report described the ADT_audio system for REAL-
TSE Challenge Track-1. The submitted system keeps the offi-
cial BSRNN architecture strictly causal, uses VitW recordings
as interference-only real distorted data, and trains with a six-
term objective centered on SI-SDR. It ranks fourth overall
with a dense-rank score of 6.50, with Timing-F1 as the best-
ranked metric. The main weakness is DNSMOS, where fixed
augmentation and fixed real-distortion coverage did not trans-
fer cleanly from DEV to EVAL. Future work should broaden
capture-chain coverage—bandwidth limits, codec types, device
profiles, and real rooms—rather than simply intensifying one
augmentation corner.
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