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Abstract. Integrating Large Language Models (LLMs) with speech en-
coders can improve the performance of Automatic Speech Recognition
(ASR) by leveraging enhanced linguistic knowledge. Prior work faces
two key limitations. Fine-tuning the LLM may cause forgetting of pre-
trained domain knowledge. Methods that freeze both components but
use only a single linear projection suffer catastrophic domain-transfer
failures. We propose adapter-only bridging that keeps both the speech
encoder and the LLM frozen while training lightweight adapters with
causal convolutions for temporal modeling (24.6M parameters, 0.44% of
total parameters). Our adapters comprise a convolutional downsampler
and a multi-layer MLP projection. Trained on 2.9k hours of general-
domain speech, our approach achieves competitive performance on Lib-
riSpeech and significantly outperforms Whisper-large-v2 on academic do-
mains (26.8% relative WER reduction). Unlike prior work with frozen
components that fails on out-of-domain data, our causal convolutional
adapters enable robust cross-domain performance while preserving the
LLM’s text-trained knowledge for inference-time domain prompting. On
four academic domains, domain prompting achieves additional WER re-
ductions in three domains (Engineering 2.10%, Social Sciences 1.30%,
Medical 0.73%) and improves domain-specific terminology recognition by
7.2%p F1 and 5.8%p recall. Our approach enables a single frozen model
to maintain general-domain accuracy while adapting across domains via
prompts alone.

Keywords: Automatic Speech Recognition - Adapter-Based Speech-
LLM - Parameter-Efficient Learning - Inference-Time Domain Prompting

1 Introduction

Automatic Speech Recognition (ASR) has achieved strong performance on general-
domain benchmarks through end-to-end neural architectures [14, 3, 28]. However,
academic domains with technical terminology and domain-specific discourse pat-
terns remain difficult [9]. The language modeling in end-to-end ASR [28,9] is
learned from paired speech-text data. In contrast, modern Large Language Mod-
els (LLMs) are trained on massive text corpora and thus contain broader domain
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knowledge [2]. This motivates integrating LLMs with speech encoders: the LLM
provides linguistic knowledge for ASR, and a domain description at inference
time can activate relevant knowledge for academic domains.

When integrated with speech encoders for ASR, LLMs can contribute lin-
guistic knowledge to recognition [24, 12,5, 16]. However, prior work faces critical
limitations that create a fundamental dilemma. Methods that fine-tune the LLM
risk catastrophic forgetting of pre-trained domain knowledge essential for adap-
tation, effectively destroying the very knowledge we seek to leverage. Conversely,
approaches that freeze both components but rely on simple linear projection
suffer severe domain-transfer failures due to insufficient cross-modal alignment,
failing to effectively bridge the representational gap between speech and text
modalities.

Therefore, we require a third approach that preserves the LLM’s knowledge
while achieving robust cross-modal alignment. We propose adapter-only bridging
between a frozen speech encoder and a frozen LLM for ASR. We explicitly freeze
both components and train only lightweight modality adapters as a bridge to
connect speech and text representations. This design preserves the LLM’s pre-
trained domain knowledge and enables simple domain prompts for inference-time
domain adaptation without any domain-specific training. With the LLM’s text-
trained knowledge preserved, providing a domain description improves recogni-
tion. In contrast, speech-only models [28,9] are limited to knowledge learned
from paired speech-text data.

Our approach builds upon recent work in speech-LLM integration [24, 30, 33|
but differs in a key design choice: rather than adapting the LLM, we keep both
the speech encoder and LLM frozen and learn only cross-modal alignment. We
employ Whisper [28] as the speech encoder and Gemma [13] as the LLM, train-
ing only lightweight adapters (convolutional downsampling and MLP projection
layers) on general-domain speech while keeping both components frozen.

We evaluate on four academic domains from AI Hub’s international confer-
ence interpretation data': Engineering Area (EA, 34.86h), Medical Area (MA,
23.24h), Natural Sciences Area (NA, 18.78h), and Social Sciences Area (SA,
15.62h). Our adapter-only architecture significantly outperforms Whisper-large-
v2 across all domains with average 26.8% relative WER reduction. With only
domain prompts and no domain-specific training, we achieve additional improve-
ments over the generic prompt setting in three domains (Engineering 2.10%,
Social Sciences 1.30%, Medical 0.73%).

Our main contributions are: (1) Adapter-only bridging of frozen speech en-
coder and LLM that preserves pre-trained knowledge while enabling inference-
time domain prompting. (2) Parameter-efficient design (24.6M trainable; 0.44%
of 5.6B) that significantly outperforms baselines. (3) Experimental validation on
four academic domains showing 26.8% average improvement over Whisper. (4)
Practical solution replacing manual per-domain vocabulary creation with simple
inference-time domain prompting.

! https://wuw.aihub.or.kr/aihubdata/data/view.do?currMenu=115&topMenu=
100&dataSetSn=71693
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2 Related Work

Speech-LLM Integration. Recent work has explored various approaches to
integrate speech encoders with LLMs for ASR [8]. SLAM-ASR [24] uses simple
linear projection to connect frozen HuBERT [17] encoder with Vicuna-7B [6],
achieving strong performance on LibriSpeech [25] but suffering severe domain
transfer issues. SALMONN [30] uses dual encoders (Whisper [28] and BEATs [4])
connected to Vicuna-13B [6] through Q-Former from BLIP-2 [21], with LoRA [18]
for modality adaptation. Other approaches include Qwen-Audio [7], WavLLM [19],
SALM [5], AudioChatLlama [12], and various adapter-based methods [16, 23, 32,
33].

Domain Adaptation for ASR. Domain adaptation in ASR has tradi-
tionally relied on external language models or domain-specific vocabulary ex-
pansion [9], requiring manual curation of word lists and separate models for
each domain. Recent work explores contextualized ASR [26] and multi-domain
training [9]. Prompt-based methods have shown success in NLP [2] but remain
underexplored for speech domain adaptation.

Multimodal Alignment. Cross-modal alignment is key for speech-language
integration [22]. Vision-language models like CLIP [27] and CLAP [10] demon-
strate effective contrastive learning. For speech-text alignment, various tech-
niques address the modality gap [11, 26].

Parameter-Efficient Fine-Tuning. Methods like LoRA [18] and adapter
modules [16] reduce trainable parameters but still modify LLM’s internal repre-
sentations. Recent work shows such modifications can distort pre-trained repre-
sentation space [20].

3 Method

3.1 Architecture Overview

We present our adapter-only architecture design in Figure 1(a). Unlike prior
speech-LLM integration methods that either fine-tune the LLM [30] or use mini-
mal projection layers [24], we explicitly freeze both the speech encoder and LLM
(5.64B frozen vs. 24.6M trainable, 0.44% of total parameters) while training
only temporal modeling adapters for robust cross-modal alignment. We inte-
grate three core components in our architecture: (1) a frozen Whisper-large-
v2 encoder [28] for audio feature extraction (636.8M parameters), (2) trainable
adapters including a convolutional downsampler (14.8M parameters) and MLP
projection layer (9.8M parameters) for cross-modal alignment (total 24.6M train-
able), and (3) a frozen Gemma-3-4B-Instruct LLM [13]? for text generation (5.0B
parameters).

Frozen Audio Encoder. We employ Whisper-large-v2 as the audio en-
coder, which processes 80-dimensional log-mel spectrograms and produces rep-
resentations S € R7sX1280 where T, is the temporal sequence length and 1,280

% https://huggingface.co/google/gemma-3-4b-it
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Fig. 1. Adapter-only architecture for domain-adaptive ASR. (a) Overall architecture:
end-to-end pipeline with frozen encoder and LLM connected by a trainable modality
adapter. (b) Modality adapter design: internal structure with causal convolutions for
temporal modeling and cross-modal alignment.

is the hidden dimension. We maintain the encoder frozen during training to
preserve its acoustic modeling capabilities learned from 680,000 hours of multi-
lingual data.

Trainable Modality Adapters (24.6M parameters). As Figure 1(b)
details, our modality adapter network bridges the representation gap between
audio and text modalities [11, 26, 22] through two components: (1) Causal Con-
volutional Downsampler (14.8M): We employ a 2-layer causal convolutional ar-
chitecture [31] with kernel size k = 4, stride s = 2 for 2x temporal reduction per
layer, achieving overall 4x reduction. We design this with causal convolutions
to enable future streaming inference. Each layer applies layer normalization,
GELU (Gaussian Error Linear Unit) activation [15], and residual connections
via adaptive pooling. (2) Multi-Layer Projection MLP (9.8M): A 3-layer MLP
with residual connections projecting from Whisper dimension (1,280) to Gemma
embedding dimension (2,560), learning to align audio and text representations.

By freezing 99.56% of parameters, we reduce memory requirements and en-
able training in resource-constrained environments, advancing practical deploy-
ment of speech processing.

Frozen LLM. Gemma-3-4B-Instruct (5.0B parameters) serves as the frozen
language model. We use the instruction-tuned variant to leverage its conversa-
tional capabilities for prompt-based domain adaptation.

3.2 Training Strategy

The model is trained on combined general-domain English speech datasets: Lib-
riSpeech (960h, 281,241 samples), Common Voice 17 (1,765.88h, 1,117,563 sam-
ples), and TED-LIUM Release 2 (208.48h, 93,564 samples), totaling approxi-
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mately 2,934 hours across 1.5M utterances. The instruction-tuning format is
used with Gemma’s chat template. For each training sample with audio X and
transcription text Y = [y1,. .., yn], audio embeddings E,uqi, are inserted imme-
diately after the context marker, followed by the instruction and transcription
tokens. The cross-entropy loss is calculated only over the model’s response to-
kens (transcription Y), with instruction tokens masked to focus learning on
transcription generation. AdamW optimizer is used with learning rate 5x1074,
weight decay 0.01, gradient clipping at norm 1.0, cosine learning rate schedule
with 2,000 warmup steps over 5 epochs, batch size 8 per GPU with gradient accu-
mulation over 2 steps, and mixed precision (bfloat16) training across 6 NVIDIA
RTX A6000 GPUs.

3.3 Training Objective

Let X € RF*T denote the 80-dimensional log-mel spectrogram for an utterance
(F=80, T frames). The frozen Whisper encoder produces acoustic representa-
tions S = Eene(X) € RTs*4s with d,=1,280. The trainable causal convolutional
downsampler D reduces the temporal resolution to A = D(S) € RTe*ds (gverall
4x reduction), and the trainable projection MLP M maps to the LLM embed-
ding dimension Z = M(A) € RTa*d where d; is the Gemma embedding size.

During training, inputs are formatted using the instruction-tuning chat tem-
plate. Following Gemma’s format, the full sequence includes special tokens, au-
dio embeddings Z, instruction tokens ¢ = (cy,...,cn,) (e.g., “Transcribe this
audio:”), and transcription tokens y = (y1,...,yn) in the model response. The
LLM (frozen) performs autoregressive next-token prediction over this sequence.
Loss is computed only on the transcription tokens y by masking all other posi-
tions. Only the adapter parameters # = {downsampler, projection} are optimized
via masked cross-entropy:

L£(9) = % > [—logpe(yt | y<t, Z, c)},

t=1

where the loss is calculated only over the IV transcription tokens. The label —100
is assigned to all audio embeddings, instruction tokens, and padding to exclude
them from loss computation. The Whisper encoder and Gemma LLM are kept
frozen; all gradients flow only through D and M.

3.4 Inference-Time Domain Prompting

At inference time, we facilitate inference-time domain prompting via natural
language prompts without parameter updates or retraining. We use a fixed tem-
plate across domains: “This audio is from a [DOMAIN] conference. Transcribe
this audio accurately, including all technical terms.” For medical conferences,
the [DOMAIN] slot is set to “medical” and “technical terms” is extended to
“technical and medical terms.” The frozen LLM processes this description with
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audio embeddings, activating its pre-trained domain vocabulary [2]. This reduces
workload by replacing manual term identification and retraining with simple text
prompts.

4 Experiments

4.1 Datasets

Experimental Design. To evaluate zero-shot domain adaptation, the model
is trained on general-domain speech and evaluated on academic domains with-
out domain-specific training. This tests whether inference-time prompting can
activate relevant knowledge in the frozen LLM.

Training Data. Following this design, the model is trained on general-
domain English speech: LibriSpeech (960h, 281,241 samples) [25], Common Voice
17 (1,765.88h, 1,117,563 samples) [1], and TED-LIUM Release 2 (208.48h, 93,564
samples) [29], totaling approximately 2,934 hours across 1.5M utterances.

Evaluation Data. The model is evaluated on academic conference speech
from AI Hub?. Table 1 shows composition across four domains. These test
sets contain highly domain-specific vocabulary and terminology not seen during
training, making them an ideal out-of-distribution (OOD) testbed for evaluating
zero-shot domain adaptation.

Table 1. Evaluation dataset composition by domain. All data is from English speech
test sets of AI Hub international academic conference data.

Domain Samples Duration (h) Total Words
Engineering Area (EA) 17,245 34.86 316,408
Medical Area (MA) 10,417 23.24 182,565
Natural Sciences Area (NA) 8,061 18.78 147,908
Social Sciences Area (SA) 6,860 15.62 129,567
Total 42,583 92.50 776,448

Comparison Methods. The following methods are compared: (1) Whisper-
large-v2 baseline, (2) Generic Prompt (GP): the proposed architecture with
generic prompt, and (3) Domain Prompt (DP): the proposed method with
domain-specific prompts.

Implementation and Reproducibility. We implement the model using
PyTorch 2.4.0, PyTorch Lightning 2.5.0, and Hugging Face Transformers 4.52.4
(CUDA 12.1, bfloat16 training). We fix the random seed to 42 (via pl.seed_everything).
Due to the high computational cost of full training on 2.9k hours, each setting
is trained once; the reported scores correspond to that run. To facilitate repro-
ducibility, we provide key implementation details in this paper, including training
hyperparameters and prompt templates.

3 https://www.aihub.or.kr/aihubdata/data/view.do?currMenu=115&topMenu=
100&dataSetSn=71693
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5 Results

5.1 General-Domain Performance

Table 2 shows performance on general-domain benchmarks. The proposed model
achieves similar performance to Whisper-large-v2 on LibriSpeech (clean: 2.44%
vs. 2.70%, other: 5.28% vs. 5.20%) and Common Voice 17 (14.94% vs. 14.19%),
while significantly outperforming on TEDLIUM2 (5.26% vs. 12.24%), showing
successful cross-modal alignment without reducing acoustic modeling perfor-
mance.

Compared to other speech-LLM methods, SLAM-ASR achieves strong Lib-
riSpeech results but suffers on conversational datasets (CV17: 60.36%, TEDLIUM2:
13.61%). SALMONN shows competitive performance on LibriSpeech and TEDLIUM2
but degrades on CV17 (34.29%). The proposed adapter-only design achieves ro-
bust performance across all datasets while requiring only 24.6M trainable pa-
rameters (0.44% of total parameters).

Table 2. Word Error Rate (%) on general-domain test sets. LS: LibriSpeech, CV17:
Common Voice 17. Lower is better. Best results in each column are shown in bold. For
TEDLIUM?2, Whisper-large-v2 exhibits excessive insertion errors; the value in paren-
theses shows Whisper-medium performance.

Method LS-clean LS-other TEDLIUM2 CV17
Whisper-large-v2 [28§] 2.70 5.20 12.24 (7.7)  14.19
SLAM-ASR [24] 1.90 3.60 13.61 60.36
SALMONN |[30] 2.20 5.70 6.47 34.29
Ours (Generic Prompt) 2.44 5.28 5.26 14.94

5.2 Domain Prompting Results

Table 3 presents WER results across four academic domains. The proposed
adapter-only architecture without domain prompts already significantly out-
performs Whisper-large-v2 across all domains, achieving average relative WER
reduction of 26.8% (EA: 25.7%; MA: 27.0%; NA: 25.2%; SA: 34.8%).
Comparison with Speech-LLM Methods. SLAM-ASR shows severe degra-

dation on academic domains (EA: 41.24%, SA: 62.63%, NA: 88.64%, MA: c0%),
contrasting with its strong LibriSpeech performance. This reveals a fundamental
limitation: single linear projection lacks capacity to bridge the modality gap [11].
When encountering unfamiliar inputs, misaligned embeddings cause excessive in-
sertion errors, resulting in WER exceeding 100%. SALMONN maintains stable
performance (EA: 17.61%, MA: 24.00%, NA: 24.61%, SA: 17.77%) but with lim-
ited improvement. The frozen LLM with causal convolutional adapters achieves
robust cross-domain performance by capturing temporal dependencies in speech
representations through causal convolutions, enabling effective feature extraction
while preserving temporal structure.



8 J. Oh and J.-H. Kim

Table 3. Word Error Rate (%) on academic domains. All methods trained only on
general-domain data. Lower is better. Best results in each column are shown in bold.
TSLAM-ASR, achieves co WER on Medical Area (MA) due to excessive insertion errors
(actual value: 136.46%).

Method EA MA NA SA

Whisper-large-v2 [2§] 19.25 24.40 24.31 19.98
SLAM-ASR [24] 41.24 ool 88.64 62.63
SALMONN ([30] 17.61  24.00 24.61 17.77

Ours (Generic Prompt) 14.29 17.80 18.18 13.03
Ours (Domain Prompt) 13.99 17.67 18.37 12.86

Domain Prompting Effectiveness. Domain-specific prompts further im-
prove performance in three domains: Engineering (2.10% relative improvement),
Social Sciences (1.30%), and Medical Sciences (0.73%). Natural Sciences shows
slight decrease (-1.04%), suggesting prompt sensitivity when domain descrip-
tions are overly broad or when the LLM’s pre-training already covers the do-
main extensively. Empirically, prompts are more effective when they include
both an explicit domain label and an instruction to preserve domain terminol-
ogy. In contrast, broad descriptors without domain-specific lexical cues tend to
yield smaller gains. Despite this, average improvement across three successful
domains is 1.38%.

5.3 Domain-Specific Terminology Recognition

Recognition of domain-specific words unseen during training is evaluated by
identifying words in test sets but not in training data, ranking by frequency, and
selecting the top 20 words after removing abbreviations and hyphenated terms.
Table 4 shows domain prompting significantly improves terminology recognition.
F1 scores are improved by 7.2 percentage points on average (EA: 43.9%—52.0%,
MA: 38.5%—43.5%, NA: 32.5%—46.2%, SA: 41.3%—43.3%), with recall im-
proved by 5.8 points while high precision is maintained (all above 97%).

5.4 Parameter Efficiency Analysis

Table 5 shows the number of parameters by component. Inference-time domain
prompting is achieved with only 24.6M trainable parameters (0.44%), providing
memory efficiency, knowledge preservation, and prompt-only adaptation.

6 Conclusion

This work presents an adapter-only approach for domain-adaptive speech recog-
nition that freezes both the speech encoder (Whisper-large-v2) and LLM (Gemma-
3-4B-Instruct), training only 24.6M adapter parameters (0.44% of total). The
causal convolutional downsampler and projection MLP bridge the audio-text
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Table 4. Word-level recognition results for domain-specific terminology (top-20 most
frequent unseen words per domain, excluding abbreviations and hyphenated terms).
Higher is better. Best results in each metric/domain cell are shown in bold.

Method EA MA NA SA
F1 (%)

Ours (Generic Prompt) 43.90 38.50 32.50 41.30
Ours (Domain Prompt) 52.00 43.50 46.20 43.30
Precision (%)

Ours (Generic Prompt) 97.20 96.30 100.00 100.00
Ours (Domain Prompt) 97.70 98.50 100.00 100.00
Recall (%)

Ours (Generic Prompt) 28.40 24.00 19.40 26.00
Ours (Domain Prompt) 35.40 27.90 30.10 27.70

Table 5. Number of parameters by component

Component Parameters Training Mode
Whisper Encoder 636.8M Frozen
Gemma-3 LLM 5.0B Frozen
Conv Downsampler 14.8M Trainable
MLP Projection 9.8M Trainable
Total Trainable 24.6M (0.44%) -
Total Parameters 5.6B -

modality gap while preserving the frozen LLM’s linguistic knowledge. Experi-
ments on academic domains demonstrate 26.8% average relative WER reduc-
tion over Whisper-large-v2 without domain-specific training. Inference-time do-
main prompting further improves performance in three of four domains (average
1.38% relative improvement) and enhances domain-specific terminology recog-
nition (7.2 percentage point F1 improvement).

The adapter-only architecture addresses key limitations of existing speech-
LLM methods: catastrophic domain transfer failures in linear projection ap-
proaches and catastrophic forgetting in joint fine-tuning methods. The proposed
design enables practical deployment where users maintain a single frozen model
and adapt through lightweight modules and text prompts.

Limitations and Future Directions. Current constraints include domain-
dependent prompt effectiveness, reliance on LLM pre-training coverage, English-
only evaluation, limited model-scale analysis, missing runtime efficiency report-
ing (e.g., latency /throughput), and the absence of a full adapter ablation under
identical training budgets (e.g., causal vs. non-causal downsampling). Future
work includes automated prompt optimization, multilingual extension, com-
prehensive adapter ablations, model-scale sensitivity analysis, and hierarchical
prompting strategies for improved terminology recognition.
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