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Abstract
Self-supervised learning (SSL) models have revolution-

ized speech representation by extracting rich acoustic and pho-
netic features with minimal labeled data. However, their
computational demands during fine-tuning and vulnerability to
catastrophic forgetting pose challenges for practical deploy-
ment. Parameter-Efficient Fine-Tuning (PEFT) methods, such
as prompt tuning, are often employed to address these chal-
lenges. While prompt tuning has been successful with large
language models in natural language processing (NLP), it strug-
gles to learn effective instructional signals when adapting to
speech SSL models, likely due to insufficient a priori knowl-
edge that hinders soft token learning during fine-tuning. We
introduce Deep Filter Tuning (DFT), a soft-token adaptation
strategy that selectively filters semantic information from noise-
distorted representations. By modifying only 0.38% of model
weights, DFT achieves a 12% performance gain in noisy envi-
ronments, offering an efficient solution for robust speech recog-
nition under challenging conditions such as noise adaptation.
Index Terms: Noise Robust Adaptation, Parameter Efficient
Fine-tuning, Speech Recognition

1. Introduction
Self-supervised learning (SSL) models have made significant
strides in speech representation, effectively extracting expres-
sive acoustic and phonetic features with minimal reliance on
labeled data [1, 2, 3, 4, 5, 6]. These models have catalyzed the
development of robust applications in traditionally data-scarce
environments. However, their extensive computational require-
ments for downstream task fine-tuning pose challenges in terms
of cost-effectiveness and feasibility in resource-constrained set-
tings [7, 8, 9, 4]. SSL models are also particularly susceptible
to catastrophic forgetting when operating with limited data re-
sources, which can severely impair their performance [10].

In response to these challenges, there is increasing inter-
est in parameter-efficient fine-tuning (PEFT) techniques. These
methods aim to refine large pre-trained SSL models by mak-
ing minimal updates to their parameters. This approach helps
conserve computational resources and retains much of the pre-
trained a priori knowledge, effectively balancing cost-efficiency
with knowledge retention [11]. Among various PEFT strate-
gies, prompt tuning emerges as a particularly promising method
due to its adaptability and efficiency. Unlike traditional fine-
tuning, which updates all model parameters, prompt tuning in-
troduces either instructional vectors or trainable soft tokens.
These elements guide the model, leveraging its pre-existing
knowledge [12] to shape latent features to achieve specific
downstream objectives. This method makes prompt tuning a
versatile tool for adapting SSL models to various applications

[13, 14]. However, applying prompt tuning to speech repre-
sentation models presents unique challenges. Speech signals
are inherently more complex than text [3], given their contin-
uous nature and the dynamic features they encompass, such as
prosody, speaker emotion, and ambient noise. These charac-
teristics require more nuanced adaptations than those typically
needed for natural language processing (NLP) [7]. In this pa-
per, we will detail these technical challenges to provide a clearer
understanding of the issues at hand.

To address these challenges, our research introduces Deep
Filter Tuning (DFT), a novel downstream adaptation strategy
that adapts the soft-token-based tuning algorithm to the acoustic
domain, specifically designed to manage the dynamic complex-
ities of real-world speech scenarios. DFT is inspired by speech
extraction techniques that use filters [15] and Feature-wise Lin-
ear Modulation (FiLM) [16], adapted in our approach to utilize
initialized soft tokens. This method enables selective filtering
of crucial semantic information from continuous noise-distorted
latent representations, effectively targeting the speech content
for robust speech recognition. In particular, the proposed mod-
ule develops a sophisticated filtering system comprising static
filters sourced from soft tokens and adaptive filters instanti-
ated through a linear bottleneck, each being specifically de-
signed to counteract noise in the targeted domain. During in-
ference, these filters proficiently regulate both the temporal and
channel-wise dimensions of the intermediate latent representa-
tions. Utilizing external parameter modulators in conjunction
with a filtering mask on frozen pre-trained representations, our
method effectively mitigates adverse distortions. This approach
marks a substantial deviation from conventional prompt tuning,
which typically centers on acquiring an instruction set and ex-
ploiting pre-trained models to refine latent features.

Through comprehensive empirical evaluations, we have
demonstrated that DFT significantly enhances automatic speech
recognition (ASR) performance in noisy conditions. It consis-
tently achieves over a 12% gain in various domain environments
compared to the standard prompt tuning model. These improve-
ments are realized using the robust WavLM+ speech encoder
while utilizing only 0.38% of the full model’s weights, illustrat-
ing DFT’s efficiency and effectiveness in managing challenging
acoustic scenarios. Additionally, we have verified consistent
performance gains on larger models, which further supports the
effectiveness of our approach.

2. Related Work
Prompt (soft-token based) tuning has proven to be a versa-
tile adaptation strategy across various machine learning do-
mains, including visual question answering [17, 18] and vision-
language models [19]. In speech processing, its potential
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for rapid adaptation to new speakers was highlighted by [20],
who explored its use in end-to-end speech recognition systems.
However, applying prompt tuning to ASR presents unique chal-
lenges. While this method has proven effective in NLP, its ef-
ficacy in ASR is less certain. Chen et al. [7] highlighted sig-
nificant challenges in initializing embedding tokens that accu-
rately capture the continuous nature of speech signals. This dif-
ficulty is further exacerbated by the temporal dynamics inherent
in speech variability, such as differences in speaking rate and
accent. These factors significantly impact the effectiveness of
prompt tuning, underscoring the need for more adaptive meth-
ods in this domain, an area that remains underexplored.

Recent theoretical advances have illuminated the mecha-
nisms of prompt tuning. Oymak et al. (2023) [21] explored
the role of attention mechanisms, proposing that soft prompts
may function as learned key vectors in attention calculations.
While Bailey et al. (2023) [22] revealed that soft prompts oc-
cupy distinct regions in the embedding space, with geometrical
properties such as magnitude and direction, significantly dif-
fer from those of natural language prompts. This distinction
highlights gaps in interpretable systems, which are crucial for
improving control and design, as well as mitigating potential
malicious attacks and biases. Our work empirically evaluated
various prompt (soft-token-based) tuning methods for noise ro-
bust ASR, confirming these challenges. We aimed to overcome
the limitations identified in earlier studies by developing more
robust adaptation techniques for pre-trained SSL speech mod-
els. Our objective is to make these powerful models more ac-
cessible, even in settings with limited resources.

3. Methodology
3.1. Preliminaries – Soft-prompt (Token) Based Tuning

To simplify the task of soft prompt tuning without the loss of
generality, we consider a single-head self-attention layer,

Ofrozen = φ
(

1√
d
XWQW

⊺
KX

⊺
)
XWV (1)

with input X ∈ RT×d consisting of T utterance frames of di-
mension d each. WQ, WK and WV are the frozen pre-trained
weights for query, key and value. φ denotes the softmax nonlin-
earity function that acts row-wise for a T ×T matrix. To incor-
porate trainable prompt tokens as instructional signals for PEFT
on the downstream task, a series of soft embeddings, denoted as
P ∈ Rm×d, is prepended to X, resulting in the augmented ma-
trix of XP := [PX] ∈ R(m+T )×d, serving as the latent input
to the transformer blocks. The output of the attention-layer, as
introduced in [13, 21] is thus in the form
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Note that this is slightly different from (1) in that now the layer
computes a cross-attention between the augmented inputs XP

and the original inputs X . We can rearrange this to
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frozen self-attention, Ofrozen

(3)
Here, we observe that the adaptation stems from the additive
component of prompt-attention on otherwise static latent speech
representations. The efficacy of the output hinges on the quality

of the prompt signals, which interact with the pre-trained net-
work to extract relevant knowledge for handling the informa-
tion required by the downstream task. Therefore, achieving an
optimal solution requires a robust pre-trained model capable of
managing diverse scenarios and effective prompts that guide the
model in addressing complex noise distortions and variations in
speaker attributes.

It is important to recognize that although pre-trained mod-
els have been exposed to a substantial amount of data dur-
ing training, they cannot account for all possible variations of
speakers and specific noise distortions. Consequently, the ef-
fectiveness of this approach is limited by the generalizability of
the pre-trained knowledge and the quality of the soft prompts.
Rather than relying solely on the pre-trained model, we pro-
pose an alternative strategy that uses soft tokens as feature-
modulating filters.

3.2. Deep Filter Tuning (DFT)

To address the challenge of inadequate a priori knowledge,
which hinders the effective learning of soft tokens during fine-
tuning, we propose a more deliberate application of soft tokens
to modulate information specifically for noisy speech recogni-
tion. This approach involves constructing a static bias from
the soft tokens and scaling the intermediate representations to
deemphasize noise signals from speech content, akin to the
FiLM operation used in speaker extraction, as referenced in
[23, 24]. Specifically, we aim to develop a filtering mask de-
rived from the soft tokens to selectively attenuate noisy signals
within the frozen features.

Figure 1: An illustration of the Deep Filter Tuning module op-
erating on a single functional channel filter embedding.

As shown in Figure 1, we initialize a set of m soft tokens
S ∈ Rm×d that act as static filtering tokens in handling noisy la-
tent speech features. Each soft token functions as a slightly dif-
ferent masking filter, which is broadcast to match the sequential
length T of the frozen representations. To weigh the importance
of each masking token on every frame, we introduce a linear
module that computes the temporal weights of the token con-
ditional on the input, denoted as W = δ(XWs)

⊺ ∈ Rm×T ,
where Ws ∈ Rd×m, and δ represents tanh. The weighted-
static filter is calculated as W ⊺S ∈ RT×d, which serves as the
scaling mask. Soft tokens, which are trainable parameters, are
optimized through the noise adaptation objective of ASR. This
forces them to learn a masking pattern that extracts speech con-
tent from noisy signals, mirroring the scaling factor γ in FiLM
of speaker extraction.
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Nevertheless, just as cognitive processing encompasses
both ‘fast’ and ‘slow’ thinking, static filters in our model rely
on predefined implicit biases (akin to heuristics) to swiftly man-
age noise, paralleling fast cognitive processing. Conversely, we
have introduced a branch specifically designed for slow cogni-
tive assessment, which features a bottleneck linear architecture
to facilitate rapid assimilation of sampled utterances. This pro-
cess is deliberate and incorporates conscious (dynamic) analy-
sis. The modulated output is then represented by the Hadamard
product of the heuristic bias and the bottleneck-adapted repre-
sentations. As a whole, the system adopts cognitive biases simi-
lar to human processing, functioning as an adaptive information
bottleneck that selectively permits relevant information to pass,
embodying principles of both thinking fast and slow.

4. Experiment Setup
We insert DFT module in parallel with the main layers, posi-
tioned adjacent to the multi-headed attention and feed-forward
layers, following the typical PEFT plug-in framework [25]. No-
tably, DFT module is shared between the two parallel inser-
tions within the same block, as illustrated in Figure 1. This
configuration minimizes the introduction of additional param-
eters and ensures efficient computational resource usage. Fur-
thermore, we enhance the functionality of the DFT module by
optimizing soft tokens using the vanilla prompt attention mech-
anism, a combination we have named DFT++. This hybrid ap-
proach allows soft tokens to be processed through the prompt
attention mechanism, leveraging optimization gradients to facil-
itate communication between the soft tokens and the pre-trained
model. This interaction builds a stronger heuristic bias, en-
abling a deeper understanding of the intrinsic knowledge, which
significantly improves the modulation of masking information
for enhanced signal processing.

The training dataset consists of a 100-hour subset from
LS combined with the full 10-hour ESD [26]. To create a
noisy corpus, we corrupted the speech data with the FreeSound
noise dataset, which includes both stationary (Type A) and non-
stationary (Type B) noises. Type A noises consist of sounds
from cars, metros, and traffic, while Type B includes babble,
airport/station, café, and AC/vacuum noises. Each noise type
comprises 10 audio streams for training and 8 for testing, to-
taling approximately 2 hours of noise data. During testing,
we evaluated performance across specific environments catego-
rized into clean, noisy, and emotional domains. Clean testing
was conducted on the official LS testing set. For noisy ASR
testing, we used the noise pre-mixed testing set [27], selecting
120 sub-files from the LibriSpeech test-clean set and corrupt-
ing them with test noise at various signal-to-noise ratios (SNRs)
ranging from 0 to 20 dB, resulting in 4,200 instances of noisy
test data. We benchmark the performance of prompt-based tun-
ing against other commonly adopted PEFT methods to provide
a more comprehensive understanding. These methods include
Adapter-Tuning, LoRA Tuning, and fully frozen network tun-
ing. Our implementation setup closely follows the approach
outlined in [7] for PEFT optimization. In Adapter-Tuning, we
use a reduction factor of 4 with one adapter module at the feed-
forward layer, following Houlsby [25]. For Prompt-Tuning, we
prepend 300 trainable prompts to the input utterance—both se-
tups, which match the trainable size of DFT for comparable
complexity. In the case of DFT, we employ 10 trainable soft
tokens alongside the filtering modules. We use an RNN de-
coder [28], specifically from [29], to decode the features from
the encoder.

5. Results
Table 1 illustrates the speech recognition performance in a noisy
environment, where we compare our proposed DFT method to
other approaches using a synthetic in-domain noisy corpus with
noise levels ranging from 0 to 20dB. DFT consistently outper-
forms prompt tuning, reducing the Word Error Rate (WER) by
13.7% under noisy conditions on the base WavLM+ [3]. This
improvement highlights the efficacy of the ‘fast’ and ‘slow’
filtering units in our model, which effectively modulate infor-
mation flow and enhance content representations, adapting la-
tent representations to various noisy environments. This per-
formance trend is consistent across other SSL-based speech en-
coders, notably HuBERT [2] and WavLM (Large) [3].

Additionally, we observed an unexpected performance de-
cline in LoRA, evidenced by an increased error rate compared
to the fully frozen model, which only adapts a priori knowledge.
We hypothesize that the assumption underlying LoRA—that
fine-tuned model weights remain low-rank—may not hold in
contexts involving continuous speech representations and the
cross-modality demands of speech recognition systems. These
systems transition from processing wave signals to generating
discrete text output, a complex process not fully learned dur-
ing upstream pre-training and affected by variations in speaker
and background noises, potentially leading to higher-rank fine-
tuned parameters. As such, the learning outcome for LoRA
is suboptimal, which generated poorer performance. However,
further investigation into this aspect was beyond the scope of
our study.

Out-of-domain testing on the CHiME-4 [30] real noisy
ASR dataset was conducted to evaluate the generalizability of
our method. While fine-tuning the full WavLM+ model demon-
strated strong in-domain noise performance, it struggled with
generalization to out-of-domain (OOD) cases. This underscores
a potential pitfall of fine-tuning the full model—prone to catas-
trophic forgetting and overfitting, especially in low-resource
scenarios common with SSL models. In contrast, our DFT++
approach outperformed all other PEFT methods, demonstrating
superior efficacy and consistency across various SSL models.

5.1. Ablation Studies of Deep Filter-Tuning

Figure 2: Results of ablation studies performed using DFT.
Left: shows the action heatmap of frame-level temporal weights
activating static filters on noisy utterances. Right: displays the
t-SNE plot for OOD CHiME4 (real noise). Vector representa-
tions were obtained by average pooling 100 sampled utterances
from each category.

To observe the static filtering operation in action, we illus-
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Table 1: The table shows the word error rate, WER (%) (↓) of the ASR system on noisy speech recognition at SNRs of (0 - 20)dB for the
synthesized noisy in-domain LS (FreeSound) and real noisy speech CHiME-4 (OOD) dataset

Non-Stationary (Type-B) Noise Stationary (Type-A) Noise
Models

Params
(M) Babble

Airport/
Station

AC/
Vacuum

Cafe Traffic Metro Car
Avg.

(Noisy)
CHiME-4

(Real)

HuBERT (Base) 94.70 25.87 19.93 17.78 14.17 13.58 13.22 8.83 16.20 31.22
Frozen 0 49.98 39.32 31.98 26.49 23.15 20.83 11.53 29.04 48.56
Adapter 3.54 33.74 25.23 23.57 16.58 15.19 15.87 8.17 19.76 38.43
LoRA (R=16) 0.59 54.43 42.94 36.88 28.87 24.51 23.17 11.14 31.71 54.08
Prompt Tuning 0.23 47.51 37.45 30.32 24.33 20.64 19.45 9.62 27.05 44.38
DFT (Ours) 0.36 34.07 25.42 22.77 14.91 15.04 14.85 7.80 19.27 38.62
DFT++ (Ours) 0.36 33.28 23.89 22.05 13.88 14.52 13.97 7.23 18.40 37.83

WavLM+ (Full) 94.70 15.13 11.35 11.29 8.71 9.01 8.64 6.01 10.02 20.58
Frozen Model 0 26.65 18.39 16.70 13.27 12.63 11.90 7.38 15.27 26.77
Adapter Tuning 3.54 16.00 11.60 11.80 8.95 8.73 8.88 6.04 10.29 19.46
LoRA (R=16) 0.59 35.71 26.17 21.59 15.58 14.28 14.04 7.86 19.32 30.98
Prompt Tuning 0.23 18.32 13.68 13.26 10.01 10.17 9.49 6.62 11.65 22.57
DFT (Ours) 0.36 15.70 11.28 11.33 8.65 8.74 8.72 5.94 10.05 19.67
DFT++ (Ours) 0.36 15.39 11.13 11.19 8.46 8.65 8.61 5.86 9.90 19.49

WavLM+ (Large) 315 7.97 6.38 6.30 5.01 5.28 4.96 3.65 5.65 12.13
Frozen Model 0 13.72 10.98 9.21 7.14 6.94 6.83 4.28 8.44 16.24
Adapter Tuning 12.6 8.51 6.55 6.47 5.12 5.23 5.03 3.71 5.80 11.59
LoRA (R=16) 2.10 16.59 12.68 11.81 8.83 8.77 8.42 6.53 10.52 20.87
Prompt Tuning 0.31 9.32 7.18 7.20 5.82 5.90 5.39 3.82 6.38 13.07
DFT (Ours) 1.90 8.70 6.41 6.38 5.05 5.14 4.81 3.49 5.71 11.87
DFT++ (Ours) 1.90 8.51 6.28 6.07 4.99 5.07 4.59 3.48 5.57 11.56

trate a heatmap of frame-level temporal weights superimposed
on the spectrogram of a randomly selected utterance from the
LS Test Clean subset (Figure 2). Background noise was arti-
ficially introduced into the speech sample by adding 10 dB of
babble noise, simulating the presence of another person speak-
ing in the background. We computed the mean of temporal
weights across all layers to demonstrate how heuristic biases
are generally applied at the frame level. To enhance clarity
and focus on relevant spectral features, soft tokens (represent-
ing channel-wise heuristic biases) were omitted. These tokens
embody high-dimensional latent information, which does not
correspond to the y-axis of the spectrogram and could poten-
tially obscure interpretative accuracy.

In the heatmap, speech segments are marked with boxes,
while noise-distorted regions are indicated by red arrows. Both
extremes of the tanh weights (-1 and 1, shown as darker
and brighter shades respectively) indicate high filter activation,
while values near 0 represent minimal processing. This bipo-
lar activation pattern demonstrates the filter’s ability to both
enhance speech content and suppress noise across different
frames, validating the choice of tanh activation.

The t-SNE distributions, comparing the frozen WavLM+
model with our proposed DFT approach on OOD CHiME-4
speech, demonstrate the filter’s effectiveness. Our approach
shows less prominent noise domain clusters and more random
arrangement, indicating successful noise attenuation and im-
proved content preservation.

We evaluated the relative importance of ‘Fast’ versus
‘Slow’ thinking by removing each sub-branch and finetuning
under identical conditions, testing only with unprocessed real
speech. To distinguish between the adaptive slow conscious
branch and the adapter module, we used a smaller reduction fac-
tor of 64, resulting in an intermediate channel dimension of 12.

Table 2: WERs on experiments using only the single cognitive
branch of the filtering module from DFT using WavLM+.

Sub-models Clean (LS) Other (LS) CHiME4

Adapter Tuning 4.47 9.83 19.46
DFT (Ours-Default) 4.56 9.73 19.67
Adaptive (Slow-Conscious) 4.73 10.47 21.13
Static (Fast-Heuristic) 4.85 10.12 20.01

This bottleneck forces the slow conscious branch to compress
more information and identify the most important features. Re-
sults in Table 2 show that static filters alone achieve effective
domain adaptation, providing good calibration with fewer train-
able parameters than the adapter. The static filters perform com-
parably to the adaptive slow conscious branch to enforce se-
lective feature processing. Notably, the slow conscious mod-
ule slightly underperforms compared to fast-heuristic, plausibly
caused by over-filtering content while overthinking noise dis-
tortion. However, when combined with fast-heuristic biases, the
slow-conscious module achieves optimal performance by relax-
ing its filtering criteria.

6. Conclusion

We present DFT, a novel approach that enhances soft-token
PEFT for robust ASR by incorporating dual-process filtering.
The system combines fast and slow thinking mechanisms to
manage environmental distortions and improve speech recog-
nition under challenging conditions. Our empirical evaluation
shows that DFT achieves a 12% relative gain in ASR perfor-
mance over conventional prompt tuning methods while modi-
fying only 0.38% of WavLM+’s parameters, demonstrating sig-
nificant efficiency across diverse domains.
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