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Abstract

This paper introduces a novel application of Test-Time Train-
ing (TTT) for Speech Enhancement, addressing the challenges
posed by unpredictable noise conditions and domain shifts.
This method combines a main speech enhancement task with
a self-supervised auxiliary task in a Y-shaped architecture.
The model dynamically adapts to new domains during infer-
ence time by optimizing the proposed self-supervised tasks like
noise-augmented signal reconstruction or masked spectrogram
prediction, bypassing the need for labeled data. We further
introduce various TTT strategies offering a trade-off between
adaptation and efficiency. Evaluations across synthetic and real-
world datasets show consistent improvements across speech
quality metrics, outperforming the baseline model. This work
highlights the effectiveness of TTT in speech enhancement, pro-
viding insights for future research in adaptive and robust speech
processing.

Index Terms: test-time training, domain adaptation, distribu-
tion shifts, self-supervised, speech enhancement

1. Introduction

Speech enhancement (SE) remains a critical challenge in speech
signal processing, tasked with improving the perceptual quality
and intelligibility of speech corrupted by noise. While deep
neural networks (DNNs) have achieved state-of-the-art perfor-
mance in denoising and source separation [1, 2, 3], their gen-
eralization to unseen noise environments remains limited. Su-
pervised training on paired noisy-clean datasets yields strong
performance under matched conditions, but models often de-
grade when encountering noise types absent from training data
due to the domain mismatch between the noisy (simulated or
real acoustic) conditions [4].

Zhang et al. addressed partial domain adaptation (tar-
get domains with fewer classes than source domain) using
importance-weighted adversarial networks [5]. However, this
approach does not mimic the real-world scenario where the
speakers are independent and target domains are diverse. To
solve this, Li et al. proposed a minimax method to transfer
the model from a limited source domain to a rich target do-
main, strengthening generalization performance [6]. Learn-
ing Noise Adapters (LNAs) leveraged frozen pre-trained mod-
els with domain-specific adapters to incrementally handle new
noise distributions while solving the catastrophic domain for-
getting phenomenon [7]. However, all the above methods re-
quire some information about the target noise or its distribution
for training.

“These authors contributed equally.

Recent advances in test-time adaptation (TTA) address the
distribution shift issue through dynamic parameter adjustment
during inference. This method involves adapting model weights
without any additional training. For instance, Single-Utterance
Test-Time Adaptation (SUTA) introduced by Lin et al. reduces
ASR word error rates on out-of-domain speech by applying en-
tropy minimization to adapt models per test utterance [8]. An-
other common TTA approach is to update the batch normal-
ization layer statistics using a large number of test samples
[9, 10]. Furthermore, TTA frameworks like zero-shot knowl-
edge distillation enable compact student models to adopt re-
curring noise/speaker patterns using pseudo-targets from larger
teacher models, without clean reference signals [11].

Another paradigm employs weight prediction architectures
in which auxiliary networks generate input-adaptive parame-
ters. Dynamic Filter Networks (DFN) [12] and WeightNet [13]
exemplify this approach by generating convolutional filters dy-
namically and predicting convolutional weights conditioned on
input, respectively. Test-Time Training (TTT) emerges as a spe-
cialized form of this approach where we update weights through
self-supervised objectives, helping in domain adaptation [14].
The basic idea of TTT is to use a self-supervised task and a main
task during training. During inference, the self-supervised task
is used to fine-tune the model using test data, before making the
main prediction. Section 2.1 discusses the TTT framework in
further detail.

Dumpala et al. explored the application of TTT to speech
classification tasks such as speaker identification and emotion
detection [15]. They identified key challenges with TTT, includ-
ing sensitivity to optimization hyperparameters and scalability
issues. To address these issues, they proposed a parameter-
efficient fine-tuning (PEFT) algorithm that only considered the
bias parameters for fine-tuning during TTT.

TTT addresses critical limitations of conventional methods
through three key advantages. First, its domain-agnostic na-
ture circumvents the need for explicit noise-type priors required
by domain adversarial training (DAT), enabling adaptation to
completely unseen noise distributions. Second, noise/speaker-
informed weight prediction adapts models to the individual
noise/speaker domains, giving superior performance even in
challenging environments. Third, resource efficiency can be
achieved through selective updates to bias terms or only a cer-
tain portion of the network, enabling real-time operation on
edge devices.

Our goal is to develop a TTT-based SE framework that can
generalize across diverse environments. We investigate differ-
ent self-supervised tasks for TTT, analyzing their impact on
noise suppression and overall speech enhancement quality. Ad-
ditionally, we explore various TTT strategies, balancing the
trade-offs between computational efficiency and the extent of
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performance improvement. To comprehensively evaluate the
effectiveness of our approach, we conduct experiments on both
synthetic and real datasets. By leveraging self-supervised learn-
ing, this approach has the potential to bridge the gap between
training and test conditions, enabling more robust speech en-
hancement.

2. Methodology
2.1. Test-Time Training (TTT) Framework

As proposed in Sun et al. [14], we use an architecture that con-
sists of a shared encoder e as the stem and two branches: a
main task branch m and a self-supervised auxiliary task branch
s, thus giving the architecture a Y-shape as seen in Figure la.
Let the parameters of the shared encoder, main task branch and
self-supervised branch be 0., 6,, and 6, respectively. The main
task loss (L., ) is optimized over the parameters 6. and 6,, and
requires the input x and label y. The self-supervised task loss
(L) does not use label y but rather creates a pseudo-label ys
from the unlabeled input x, and is optimized over the parame-
ters 6. and 60,.

During training, we jointly optimize over both the loss func-
tions, L and £, since the main task label y is available to us as
part of the training data (x, y). Hence, the training optimization
problem becomes Eq.(1) as given in [14].

0 E (L0 (2,9; 0, 0m) + La(w306,00)] (D)

During testing, the main task label y is not available but we
can still optimize the self-supervised loss using the pseudo-label
ys. Hence, the testing optimization problem is the second term
from Eq.(1). After optimization, we get the updated parameters,
07 and 0. Using the updated shared encoder () and the main
task branch (6,,), we make the prediction i.e. § = Oex 1 ().
In short, test-time training involves using the unlabeled input
z to update the model parameters via the self-supervised task,
before making a prediction.

The gradient backpropagation flow is illustrated in Figure
1b. During training, gradients propagate from both the main
branch m and the self-supervised branch s to the shared en-
coder e, updating the entire architecture. During testing, gradi-
ents flow only from the self-supervised branch s to the shared
encoder e, updating these components while keeping the main
branch fixed.

We use the following four TTT strategies:

1. TTT-standalone: This is the standard version of TTT where
the model is initialized with parameters 6. and 6 obtained
after training i.e. after optimizing Eq.(1). After updating the
shared encoder using the test sample, we get 87 which is used
for prediction and then discarded. This is repeated for every
sample x; in the test dataset.

TTT-online: In the online version of TTT, the updated pa-
rameters 0 and 0} are not discarded, but instead used as ini-
tialization for the next test sample. That is, for a particular
test sample z;, the model parameters 0" and 61" are ini-
tialized using the updated parameters from the previous test
sample i.e. 0:“71) and 9:(1.71).

TTT-online-batch: This is similar to the TTT-online strat-
egy but model parameters are updated using the current test
sample as well as the previous four test samples. A batch size
of 5 was empirically chosen as it yielded the highest perfor-
mance improvement.
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(a) TTT architecture (b) Gradient Flow Diagram
Figure 1: (a) Test-Time Training architecture and (b) Gradient
backpropagation flow during training (both solid and dashed
lines) and during testing (solid line only).

4. TTT-online-batch-bias: Following the approach proposed
in [15], only the bias parameters are updated during test time
which reduces computational overhead while retaining adap-
tive capabilities. Here, we have implemented bias fine-tuning
on top of the TTT-online-batch strategy.

In our experiments, the main task is to denoise the noisy
input signal by predicting a mask over the magnitude spectro-
gram. We have used two types of self-supervised tasks and
analyzed their performances. The first self-supervised task is
masked spectrogram prediction (MSP), where the model pre-
dicts the original spectrogram after random patches are zeroed
out. This is similar to the MAE task proposed in [16, 17, 18].
The second type involves adding noise to the already noisy in-
put signal, similar to the Noisy-target Training (NyTT) method
in Fujimura et al. [19]. Hence, we get a noisier signal and the
task is to denoise this augmented signal using the original noisy
signal as reference.

2.2. Model Architecture

In this paper, we will be using the real-time Neural Time-
Varying Filtering (NTVF) network proposed by Venkatesh et
al. in [20] for SE tasks. This network has shown substan-
tial enhancement performance, while having significantly lower
computational complexity. It takes the STFT log magnitude
spectrogram log(|S[t, k]|) of the noisy signal as input and pre-
dicts a mask W [t, k]. By multiplying the mask with the magni-
tude spectrogram, we get the enhanced magnitude spectrogram
|S[t, k]|. We reconstruct the enhanced time-domain signal by
taking the inverse STFT using the noisy phase.

The typical NTVF network consists of a stack of L identi-
cal blocks. We modify this network to the Y-shaped TTT frame-
work depending on the self-supervised task. For the MSP self-
supervised task, the shared encoder consists of L = 4 blocks,
the main branch consists of L = 3 blocks followed by two dense
layers with Tanh activation, and the self-supervised branch is
identical to the main branch but uses ReLU instead.

For the NyTT self-supervised task, the shared encoder has
L = 6 blocks, the main task branch has a single block fol-
lowed by two dense layers with Tanh activation, and the self-
supervised task branch is identical to the main task branch. This
is because both tasks are the same, i.e. to denoise the input sig-
nal. Hence, branching is done at a later stage with smaller main
task and self-supervised task branches because we expect the
shared encoder to extract similar features for both tasks.



2.3. Loss Functions

As suggested in [20], we use a combination of spectral-related
and perception-related losses to improve the enhancement qual-
ity. Namely, we use mask loss (mean absolute error between
estimated and oracle TVF), SI-SDR loss and PESQ loss. Apart
from these, we use the MSE (mean squared error) between the
log magnitude spectrograms of the noisy input signal and the
output of masked spectrogram prediction.

For the main task, we use a combination of mask loss, SI-
SDR loss, and PESQ loss. For the MSP self-supervised task,
we use MSE loss. For the NyTT self-supervised task, we use
the same combination of losses as the main task since both tasks
are identical.

L = Litask + Lsi—spr + LPESO )
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3. Experiments and Results
3.1. Datasets
3.1.1. Training Data

We use the DNS Challenge 1 dataset [21] to train the model.
The real samples of this dataset are taken from the LibriVox
corpus [22]. The noises are taken from Audioset [23] and
Freesound [24]. The dataset has about 150 audio classes includ-
ing various noise types like music, wind, dog, etc. 500 hours of
data was used to train the models.

3.1.2. Test Data

In our study, we have evaluated the different approaches on two
types of data: synthetic data and real recordings.

For synthetic data, we assess the generalization ability of
our model using the test set from the Valentini dataset [25]. The
clean speech samples in this dataset are sourced from the Voice
Bank Corpus [26], while the noisy speech signals are gener-
ated by adding various background noises from the DEMAND
dataset [27] at different signal-to-noise ratios (SNRs). These
include real noises from settings such as bus, cafeteria, public
square, living room and office. Overall, the 824 audio samples
provided in the test set were used during evaluation. We ob-
serve an 8.01% drop in PESQ when models are trained on the
DNS dataset and evaluated on the Valentini test set, compared
to models both trained and tested on Valentini. This highlights
the domain shift between the two datasets.

While evaluating models on synthetic data provides in-
sights, their performance in real-world scenarios may differ
significantly. Therefore, we also evaluate our models on real
recordings provided as part of the DNS Challenge 1 dataset, en-
suring a more realistic assessment of our approach.

In order to test the extent of distribution shift caused by
TTT, we re-evaluate our models on the DNS no-reverb test sam-
ples which consists of 300 audio samples.

3.2. Experiments
We experimented with three different self-supervised auxiliary
tasks:

1. MSP: Masking the spectrogram of the noisy signal and pre-
dicting the spectrogram.
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2. NyTT-gaussian: Adding Gaussian noise to the noisy signal
and predicting the original noisy signal.

3. NyTT-real: Adding real noises from river, park, field, do-
mestic washing, and office hallway settings from the DE-
MAND dataset to the noisy signal and predicting the origi-
nal noisy signal. The noise is added to the signal at an SNR

randomly sampled between 0 and 15 dB.

For each self-supervised task, we experimented with all
the TTT strategies: TTT-standalone, TTT-online, TTT-online-
batch and TTT-online-batch-bias. These experiments are com-
pared with the NVTF model (Baseline) that is trained without
any self-supervised auxiliary task and the NVTF model trained
jointly with the main task and the self-supervised task (Joint
Training).

3.3. Experimental Configuration

The model configuration follows the setup described in Section
2.2. We use the AdamW optimizer [28] for training with an
initial learning rate of 0.001. To adaptively adjust the learning
rate based on performance, we employ a learning rate scheduler
to reduce the learning rate when it plateaus. All models were
trained for 100 epochs.

While evaluating the model, we empirically choose a learn-
ing rate of le-4 for the Valentini dataset and le-6 for the real
recordings for the MSP and NyTT-real auxiliary tasks. For
NyTT-gaussian, we have chosen a learning rate of 1e-6 for both
the datasets.

3.4. Evaluation Metrics

We evaluate the model using the following measures: Percep-
tual Evaluation of Speech Quality (PESQ) [29], Short-Time
Objective Intelligibility (STOI) [30], and Segmental Signal-to-
Noise Ratio (SSNR) [31], all of which require a clean reference
signal for comparison.

We use DSIG (speech quality assessment), DBAK (back-
ground noise suppression evaluation), and DOVRL (overall au-
dio quality assessment) from DNSMOS [32], a non-intrusive
neural network based metric for evaluating speech quality.
These scores do not require a reference signal, making them
particularly useful for real-world recordings where a clean ref-
erence may not be available. Each score is rated on a scale from
1to5.

3.5. Results

The performance of the proposed methods across various self-
supervised tasks are shown in Table 1.

1. Valentini dataset: Joint training with auxiliary tasks (ex-
cept MSP) provides slight but consistent gains across all met-
rics over the baseline, suggesting that integrating an auxiliary
self-supervised objective benefits the main task in generaliz-
ing to another domain.

In the MSP task, TTT and TTT-online lead to an improve-
ment of all metrics. For NyTT-gaussian, these strategies
cause a slight drop in PESQ but improve SSNR. Conversely,
for NyTT-real, they slightly reduce SSNR but improve PESQ.

Across all auxiliary tasks, TTT-online-batch enhances both
the PESQ and SSNR compared to TTT-online but introduces
a negligible drop in STOI. Further, our experiments indicate
that using a batch of the previous four samples yields bet-
ter performance than increasing either the number of gra-
dient steps per sample or the learning rate, as it allows the



Table 1: Performance comparison across Valentini dataset and real audios with various TTT strategies.

Experiment Type Method Valentini Real Audios
PESQ STOI SSNR DSIG DBAK DOVRL
Noisy - 1.971 92.099 1.680 3.053 2.509 2255
Baseline NVTF 2.961 92.972 8.684 3.290 3.950 2.984
Joint Training 2.956 92.985 8.811 3.300 3.926 2.980
TTT-standalone 2.958 93.004 8.819 3.300 3.926 2.980
MSP TTT-online 3.004 93.324 8.831 3.299 3.928 2.979
TTT-online-batch 3.034 92.213 8.948 3.299 3.928 2.979
TTT-online-batch-bias 3.015 92.049 8.969 3.300 3.927 2.980
Joint Training 2.983 93.261 9.248 3.317 3.982 3.018
TTT-standalone 2.983 93.262 9.248 3.317 3.982 3.018
NyTT-gaussian TTT-online 2.948 93.337 9.306 3.318 3.982 3.019
TTT-online-batch 2971 92.397 9.518 3.317 3.982 3.019
TTT-online-batch-bias 2.999 92.276 9.457 3.317 3.981 3.019
Joint Training 2.981 93.493 9.068 3.319 3.950 3.007
TTT-standalone 2.982 93.484 9.066 3.320 3.950 3.007
NyTT-real TTT-online 3.081 93.323 8.469 3.324 3.954 3.012
TTT-online-batch 3.145 92.643 8.932 3.324 3.954 3.013
TTT-online-batch-bias 3.088 92.515 9.038 3.321 3.951 3.008

model to capture the underlying data distribution rather than
overfitting to the noise characteristics of a single speech sam-
ple. TTT-online-batch-bias results in a minor PESQ drop but
compensates with slight SSNR improvements, indicating that
restricting adaptation to bias parameters preserves stability
while offering computation benefits.

Real audios: On the real dataset, the MSP task slightly in-
creases the DSIG but fails to suppress the background noise
(captured by the low DBAK). This results in a lower DOVRL
score. This suggests that masked spectrogram prediction
may not provide meaningful adaptation cues in real-world
conditions. In contrast, the NyTT-gaussian experiment sig-
nificantly enhances DBAK, leading to the highest DOVRL
score among all methods. This indicates that adding Gaus-
sian noise effectively improves background noise suppres-
sion. On the other hand, the NyTT-real experiment results in
noticeable improvements in DSIG, indicating better preserva-
tion of speech content. This improvement further translates
to a higher DOVRL score compared to the baseline.

3.6. Extent of Distribution Shift after TTT

After evaluating the model on the Valentini dataset, we re-
evaluated it on the DNS test set without any TTT strategy to
assess the extent of distributional shift from the original train-
ing data for the various TTT strategies. We selected the best-
performing model on Valentini, the NyTT-real model, for this
experiment.

As seen in Table 2, performance on the DNS test set de-
grades after TTT on the Valentini test set, indicating a shift in
distribution. The smallest drop is observed in TTT-standalone
and the largest drop is observed in TTT-online-batch. This
reinforces that a single adaptation step minimizes deviation
from the original model while performing TTT with more sam-
ples leads to greater distributional shift. However, TTT-online-
batch-bias mitigates this drop slightly, reinforcing that restrict-
ing updates to bias parameters helps preserve generalization
while still leveraging test-time adaptation. These results show
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Table 2: Performance of NyTT-real (without weight updation)
on the DNS test set after TTT on the Valentini test set.

Method PESQ STOI SSNR
Noisy 1.582  91.522 5965
NyTT-real Joint Training 3.126 96.475 10.736
NyTT-real TTT-standalone 3.131 96481 10.611
NyTT-real TTT-online 3.094 96.263 10.145
NyTT-real TTT-online-batch 3.065 96305 10.427
NyTT-real TTT-online-batch-bias ~ 3.093  96.421  10.623

that our model does not suffer from the catastrophic domain for-
getting phenomenon, unlike other domain adaptation models.

4. Conclusion and Future Work

The integration of test-time training into speech enhancement
represents a paradigm shift from static models to adaptive sys-
tems that continuously refine parameters against real-world
variability. Our experiments show that TTT improves speech
quality across both synthetic (Valentini) and real-world (DNS
test) datasets. Among the self-supervised tasks, NyTT-real
excels at preserving speech quality, while NyTT-gaussian is
more effective at suppressing background noise. This high-
lights a trade-off between speech quality and noise suppression,
suggesting that task selection should be application-dependent.
For adaptation strategies, TTT-online-batch provides significant
gains reducing the PESQ drop observed when training on DNS
and testing on Valentini from 8.01% to 2.09%, effectively mit-
igating the impact of domain shift. On the other hand, TTT-
online-batch-bias offers a computationally efficient alternative.
We have also shown that the model adapted to a new domain us-
ing TTT, still retains significant performance on the source do-
main. This framework can be integrated with any SOTA speech
enhancement model, and further extended to tasks like person-
alized speech enhancement by training on a single speaker and
adapting to new speakers at test time.
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