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Abstract

Fine-tuning large pre-trained models is a com-
putationally expensive process that can lead to
catastrophic forgetting, hindering their perfor-
mance on original tasks. Parameter-Efficient
Fine-Tuning (PEFT) techniques such as Low-
Rank Adaptation (LoRA) have emerged to mit-
igate these issues. In parallel, the field of
Mechanistic Interpretability (MI) is increas-
ingly used to understand the internal workings
and find circuits of these large models. This
paper combines these two research areas by
proposing a novel fine-tuning approach that
leverages insights from MI. We demonstrate
that for the task of contextual biasing for Auto-
matic Speech Recognition (ASR), a few critical
layers are responsible for biasing the model’s
output towards a given prompt. Our method
restricts parameter updates to these specific
layers, resulting in a significantly more effi-
cient and simpler fine-tuning process. We show
that this targeted approach yields strong perfor-
mance comparable to more complex methods
while preserving the model’s original capabili-
ties.

1 Introduction

Parameter-efficient fine-tuning (PEFT) have be-
come an efficient and stable alternative to full-scale
fine-tuning. In the realm of large language models
(LLM), Low-Rank Adaptation (LoRA) (Hu et al.,
2022) is a prominent method that significantly re-
duces the number of trainable parameters by in-
jecting trainable rank deposition matrices on top
of the model’s layers. Beyond LLMs, LoRA has
recently been adopted for automatic speech recog-
nition (ASR) to facilitate language and task adapta-
tion in larger ASR models (Song et al., 2024; Xu
et al., 2024)

However, ASR features a distinct form of PEFT
dedicated to integrating text-only data into audio

*This work was done separately from the work at Samsung.

models despite the modality mismatch. Typically,
contextual biasing is a task to encourage the model
to output infrequent phrases such as contact names
or places of interest. Leveraging the modularized
structure of ASR models (Chan et al., 2016; Graves,
2012; Gulati et al., 2020), researchers have ex-
plored fine-tuning various individual components
with text-only data (Pylkkönen et al., 2021; Meng
et al., 2022b; Lee et al., 2023) and proposed tar-
geted structural modifications (Meng et al., 2023;
Chen et al., 2022; Meng et al., 2024). More re-
cently, with the advent of large-scale attention-
based encoder-decoder (AED) models (Radford
et al., 2023; Peng et al., 2024, 2025), prompt-based
approaches (Li et al., 2024; Suh et al., 2024) have
emerged to leverage the language model-like de-
coder.

In a parallel area of research, mechanistic in-
terpretability (MI) seeks to understand the inner
workings of large neural networks. Techniques
such as sparse dictionary learning (Bricken et al.,
2023; Templeton et al., 2023) and activation in-
terventions (Meng et al., 2022a; Nanda, 2022) are
used to project the meaning of internal representa-
tions and identify important activation pathways or
circuits responsible for a specific model behavior.

Recently, these two fields have converged, with
MI being applied to demystify the fine-tuning pro-
cess. For instance, (Wang et al., 2025; Prakash
et al., 2024) performs a circuit search on a model
before and after fine-tuning to understand how the
internal architecture changes. Taking a more proac-
tive approach, (Li et al., 2025) proposes a circuit-
aware fine-tuning method that iteratively repeats
the graph-pruning and circuit-tuning steps. While
this method can be more effective than standard
LoRA, it significantly complicates the optimiza-
tion process by requiring an extra forward pass to
dynamically determine the relevant subgraph dur-
ing fine-tuning.

In this paper, we propose a novel and straight-

1



Figure 1: A simple depiction of Target Fine-tuning: (1) Identify the critical layers for a certain task with attribution
patching. The red and blue arrows mean two forward passes with the clean and corrupt inputs, and the green
arrows mean the backward pass for the corrupt input. (2) Execute Target Fine-tuning on the task only updating the
parameters in the critical layers.

forward approach to effective fine-tuning for the
task of contextual biasing. We show that for this
task, a few specific decoder layers play a critical
role in biasing the model’s output toward a given
prompt. Our work demonstrates that restricting
parameter updates exclusively to these layers not
only produces a simple and efficient fine-tuning
process but also yields performances comparable
to more complex methods. This approach differs
from the previous MI based fine-tuning in that we
force the model to update the existing circuit rather
than exploring and forming new ones.

Our contribution comes as twofold: First, we
identify the existence of the critical layers for con-
textual biasing for the first time. Second, we
demonstrate that fine-tuning a few pre-defined lay-
ers is sufficient for simple tasks with obvious criti-
cal layers.

2 Related Work

2.1 contextual biasing

Attention-based encoder-decoder (AED) models
have become one of the best-performing architec-
tures for large-scale speech recognition and various
downstream tasks. With speech features X over
time as the input, a transformer encoder processes
these features to generate a sequence of high-level
acoustic representations H . A language model-
like decoder then autoregressively generates the
output transcript. At each decoding step u, the
decoder takes the previous decoder state su−1 pro-
duced from the previous outputs y1:u−1, and a con-

text vector cu−1 to calculate the output distribu-
tion for the next token yu. The context vector is
calculated through a cross-attention mechanism,
Context, where the query is the decoder state su−1

and the keys and values are the acoustic represen-
tations H . The overall process is described as fol-
lows:

H = Encoder(X),

cu = Context(su−1, H),

su = Decoder(su−1, cu−1),

P (yu|X, y1:u−1) = Output(su),

(1)

where Output is a projection layer with softmax
outputs over tokens.

The architecture of the transformer decoder al-
lows AED models to utilize prompting for dynam-
ically adjusting the recognition output as a tech-
nique for contextual biasing. In this case, the to-
kens of the rare word (e.g. contact names and song
names) are given to the decoder as a prompt P be-
fore the start-of-sentence token. This effectively
primes the model’s initial state with the desired
context, which is defined as:

s1 = Decoder(P ) (2)

2.2 Attribution Patching
Attribution patching (AP) (Meng et al., 2022a) is
used to quantify the causal importances of the ac-
tivations al in all intermediate layers l on the final
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Figure 2: The causal importance score of each acti-
vataion of the layers in OWSM v3.1 (top) and Whisper
medium (bottom) models. The horizontal axis shows
different transformer blocks and the vertical axis shows
three major layers in them: self-attention (SA), cross-
attention (CA) and feed-forward (FF) layers.

model output y. The methodology establishes a
contrast by using two inputs: a clean input Xcln,
which yields the expected output ycln = u and
clean activations alcln, and a corrupt input Xcor,
which produces a different output ycor = v and
corrupt activations alcor.

To identify the activations responsible for the
change, a gradient is calculated for each activa-
tion vector based on a metric M(ycor). The most
common metric is the difference in logit scores be-
tween the desired output u and the corrupt output
v, M(ycor) = zucor − zvcor, where zcor is the pre-
softmax logit vector and zu is the logit score for
token u.

The causal importance score S(al) for a specific
layer’s activation is defined as the dot product of
the difference between the clean and corrupt activa-
tion vectors and the gradient of the metric M with
respect to the activations:

S(al) = (alcln − alcor)
T∇acorM(ycor), (3)

3 Proposed Method

We propose Target Fine-tuning (TFT), a simple yet
effective fine-tuning methodology that restricts the
parameter update to a small group of task-critical
parameters. The process is defined by two sequen-
tial steps as shown in Fig. 1: (1) Identifying the
layers whose activations are most causally rele-
vant to the target task’s behavior and (2) executing
fine-tuning only updating the parameters within the
identified critical layer, freezing all other layers in
the model.

For the task of contextual biasing, the clean and
corrupt inputs for calculating the intermediate ac-
tivations al from Eq. 3 were defined as follows:
A specific example is selected as the clean input
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Figure 3: B-WER and U-WER on Librispeech test-other
set measured along the fine-tuning process of OWSM
v3.1 on three parameter update scopes. The perfor-
mance glitches in U-WER are from the repetition of the
last words.

(Xcln) if the ASR model correctly transcribes a
rare word when the biasing prompt is included, but
fails to transcribe it without the prompt. The corre-
sponding corrupt input (Xcor) is then constructed
by removing the rare word from the prompt pro-
vided to the model.

We consider the three major layers within the
Transformer decoder block (defined in Eq. 1) as the
minimal units for our fine-tuning analysis, namely
the self-attention (SA) layer, the cross-attention
(CA) layer, and the feed-forward (FF) layer. As the
causal importance scores S(al) are measured for
each layer, the layers within top K scores are used
for fine-tuning.

4 Experiment Results

We demonstrate the efficacy of the proposed
method for the task of contextual biasing. After
some investigation, we found that this task relies on
very few layers to perform contextual biasing, and
further proved that this phenomenon was common
across different different training methods by em-
ploying two prominent open-source ASR models,
Whisper medium(Radford et al., 2023) and OWSM
v3.1 (Peng et al., 2024). All experiments were con-
ducted using the read English based Librispeech
corpus (Panayotov et al., 2015) as the fine-tuning
and evaluation dataset. The ESPnet framework
(Watanabe et al., 2018) was utilized for all training
and decoding procedures. Following the setup in
(Le et al., 2021), we defined the words that fall out
of the top 5,000 most common words in the audio
training set as rare words. 100 distractors were
added along with the rare words and provided as
the prompt P from Eq. 2 during inference. For
performance evaluation, we measured the unbiased
word error rate (U-WER) and the biased one, B-
WER, where U-WER was measured over the ex-
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Target Component #Params
Test-clean Test-other

U-WER B-WER U-WER B-WER
OWSM v3.1 Baseline - 1.58 7.30 3.82 15.3

Full Decoder (best) 315M 1.23 5.67 3.25 11.8
Full Decoder (full epoch) 315M 1.26 6.17 3.25 12.8
Single Block (layer 16) 16.8M 1.28 5.58 3.23 12.2
TFT (K = 3) 20.9M 1.19 5.36 3.23 12.3

Table 1: The final performances of fine-tuning. Training the full decoder reached the best performance quickly but
exhibited instability with rising WER, whereas the Target fine-tuning results show comparable performance with
updates on much less parameters.

amples without a single rare word and B-WER was
measured for the rest of the examples.

4.1 The Critical Layers

In order to identify the critical layers for contextual
biasing, we executed attribution patching on the
Librispeech dev-clean and dev-other subsets and
used the average causal importance score of each
activation over the examples.

The Attribution Patching analysis revealed that
the critical function of contextual biasing was
highly concentrated in a few specific layers located
near the final output layer of the decoder stack.
The scores for the Whisper model were notably
more distributed compared to OWSM. After care-
ful investigations on the error patterns, we found
that this difference stemmed from the different text
normalization procedures, and Whisper distributed
the contextual biasing process across more layers
to handle the prompt words with different alpha-
bet casings as the model output. Consequently,
we selected the OWSM v3.1 model for the subse-
quent Target Fine-Tuning experiments to ensure a
focused evaluation free from secondary effects.

4.2 Target Fine-tuning

We fine-tuned the model on 1 epoch of the full 960-
hour Librispeech training set on one V100 GPU for
23 hours. Similar to the causal analysis tests, we
randomly chose and inserted 100 rare words into
the transcripts to serve as the prompt for contextual
biasing, which is exposed during fine-tuning as per
the training strategy of OWSM v3.1.

We conducted a comparative study by freezing
all parameters in the encoder and evaluating three
distinct parameter update scopes and tracked the
word error rates (WER):

• Full Decoder: Fine-tuning the entire decoder
module.

• Single Block (layer 16): Updating a single
decoder block containing the top causal im-
portance score layer.

• TFT (K = 3): Updating K layers exhibiting
the highest relevance scores.

As shown in Figure 3, training the Full Decoder
quickly reached the best performance, but exhib-
ited significant training instability with a sudden
rise of B-WER before the entire epoch was com-
pleted. Updating an entire decoder block, a method
often chosen heuristically, showed a continuous
improvement in B-WER but demonstrated unstable
U-WER by introducing hallucination (repeating
the same token), likely due to mis-training in the
CA layer. In contrast, the proposed method showed
stable improvements on both U-WER and B-WER.

The final results detailed in Table 1 further sug-
gests that the proposed method can achieve perfor-
mance gains efficiently without the degradation of
general ASR capability. TFT recorded the lowest
U-WER on both test sets, confirming the targeted
parameter update is beneficial for maintaining the
model’s original general purpose performance. For
the contextual biasing task, TFT demonstrated su-
perior performance by achieving the lowest Biased
Word Error Rate (B-WER) on Test-clean and a
comparable result on Test-other, proving that ef-
fective fine-tuning is achievable despite updating
significantly fewer parameters. This confirms that
restricting parameter updates only to the critical
layers effectively mitigates catastrophic forgetting
while successfully tuning the specific task circuit.

5 Conclusion

In this paper, we introduced Target Fine-tuning,
a novel parameter-efficient fine-tuning approach
that leverages attribution patching to identify the
crucial components for a given task and restrict the
updates to them. The experiments on the task of
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contextual biasing demonstrates that the proposed
method achieved comparable performance despite
training on much less parameters.

Acknowledgments

AI Assistants were used purely with the language
of the paper.

Limitations

We demonstrated the efficacy of Target Fine-tuning
for a task with a concentrated causal importance
in a single or a few layers. Further investigations
need to be done on the following matters.

• The scope of this work is limited to tasks
with simple circuits. It is worth exploring
how to separate the primary circuit related to
the target task from a distributed functionality
like the one in Whisper mentioned in Section
4.1. Another subsequent task can be compar-
ing models with concentrated and distributed
causal importances and find training strategies
that encourage or suppress this phenomenon.

• This work lacks mathematical analysis on the
capacity and bounds of performance improve-
ment achievable by the target method. This
theoretical grounding is necessary to mathe-
matically determine the inherent complexity
of the task-critical circuit, allowing us to pre-
cisely adjust the trade-off between simplicity
and performance.
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