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Abstract

The remarkable performance achieved by Large Language
Models (LLM) has driven research efforts to leverage them
for a wide range of tasks and input modalities. In speech-
to-text (S2T) tasks, the emerging solution consists of project-
ing the output of the encoder of a Speech Foundational Model
(SFM) into the LLM embedding space through an adapter
module. However, no work has yet investigated how much
the downstream-task performance depends on each component
(SFM, adapter, LLM) nor whether the best design of the adapter
depends on the chosen SFM and LLM. To fill this gap, we
evaluate the combination of 5 adapter modules, 2 LLMs (Mis-
tral and Llama), and 2 SFMs (Whisper and SeamlessM4T) on
two widespread S2T tasks, namely Automatic Speech Recogni-
tion and Speech Translation. Our results demonstrate that the
SFM plays a pivotal role in downstream performance, while the
adapter choice has moderate impact and depends on the SFM
and LLM.

Index Terms: automatic speech recognition, speech transla-
tion, LLM, foundation models, adapters

1. Introduction

The success of Large Language Models (LLMs) [1] has at-
tracted significant interest in extending their capabilities to han-
dle various input modalities such as vision [2] and speech [3].
In the speech scenario, several studies [3—7] have proposed the
integration of a pretrained Speech Foundation Model (SFM) en-
coder with a pretrained LLM through an adapter module, re-
alizing the SFM+LLM new architectural paradigm [8]. The
adapter can be decomposed into two components, as shown
in Figure 1: a length adapter, which compresses the speech
sequence along the time dimension, and a modality adapter,
which maps the compressed input into an embedding space
compatible with the LLM. The SFM+LLM solution exploits, on
the one hand, the SFM ability to extract high-quality semantic
representations of the speech input and, on the other, the fluency
and vast linguistic knowledge of LLMs, achieving competitive
scores for widespread tasks such as Automatic Speech Recog-
nition (ASR) [9] and Speech Translation (ST) [7].

However, being a recent trend, research efforts have
mostly been devoted to demonstrating the effectiveness of this
paradigm over traditional methods, without delving into the sin-
gle design choices. Specifically, many architectural solutions
have been proposed for the length adapter, often employed to
both reduce the LLM computational costs and the modality mis-
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Figure 1: Schema of the SEM+LLM architecture.

match with the textual sequences. These methods span from
fixed downsampling, obtained either with a stack of strided con-
volutions [9] or with window-level Q-Former [3], to modules
with variable compression rates that reduce the input sequence
based on its semantic content, such as Continuous Integrate-
and-Fire (CIF) [10] and CTC compression [11]. Nonetheless,
a comprehensive study on the adapter choice is missing: while
some comparisons are present in the literature [5, 7, 12], these
evaluations are narrow in scope and assume the optimal solution
is independent of the chosen SFM or LLM.

In this work, we explore whether a one-size-fits-all design
choice for the adapter exists that maximizes ASR and ST per-
formance or if this depends on the selected SFM and LLM.
Through a systematic comparison of a wide range of adapters
proposed in the literature and by analyzing their impact in
combination with widely used SFMs (Whisper [13] and Seam-
lessM4T [14]) and LLMs (Llama [1] and Mistral [15]), our con-
tributions can be summarized as follows:

* We prove that performance highly varies when a different
SFM is selected (on average, >2 COMET points for ST and
1 WER for ASR), whereas the choice of the LLM and adapter
has a less pronounced impact on the final performance.

¢ We show that there is no one-size-fits-all solution for the
adapter as its choice highly depends on the selected SFM and
LLM combination.

Our codebase will be released under the Apache 2.0 License
upon paper acceptance.

2. Methodology

Figure 1 illustrates the design of SFM+LLM solutions, high-
lighting the three key components: the SFM encoder, the
adapter, and the LLM. The processing pipeline begins with
an input audio segment a, which is first encoded by the SFM
encoder Sg into a sequence of learned audio representations.
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These are then processed by the adapter A and the result-
ing embeddings are concatenated to the embeddings P of a
task-specific textual prompt.' The joining operation J, which
combines the audio and prompt embeddings, follows the same
methodology established in the framework proposed by LLaVa
[2] to construct the final prompt that is passed to the LLM. In
particular, with £ as the LLM, we can formally express the gen-
eration of the output transcription or translation y through the
following equation:

y=L(J(P,A(SE(a)))) M

As the main rationale behind the SFM+LLM solution
comes from the possibility of training a high-quality ASR or
ST system without large training datasets — thus with limited
computational costs and memory requirements — we keep £
and Sg frozen, training only A. This solution is coherent with
previous work [16], which showed that the gains obtained by
fine-tuning the whole SFM encoder and LLM do not justify the
additional costs when training models at this scale and for these
tasks. Within this framework, we answer our research ques-
tion on the relative importance of the three components for the
downstream performance by varying each of them as illustrated
in the following sections.

2.1. SFM Encoder

To investigate the impact of the SFM encoder, we use two
widely recognized SFMs for speech representation extraction:
Whisper [13] and SeamlessM4T [14]. In particular, we use the
large version of both of them, namely Whisper large-v3,? and
SeamlessM4T v2-large.> While Whisper is the most popular
SFM in recent works on SEM+LLM [3,4, 17-19], representing
a natural choice, the usage of SeamlessM4T has never been ex-
plored to the best of our knowledge. Both models have demon-
strated strong performance in multilingual speech processing
tasks, with Whisper showing particular strength in ASR tasks
and SeamlessM4T excelling in speech-to-speech and speech-
to-text translation. Moreover, their architectural differences
make them interesting candidates for comparative analysis in
our study. Nonetheless, we opted for it not only for its rec-
ognized quality, but also because its design is very different
from Whisper. SeamlessMA4T is built with a customized ver-
sion of Conformer layers [20] instead of Transformer ones, and
also the compression factor of the input sequence is very dif-
ferent. While both models process audio sequences where each
frame represents 10ms of audio (100 frames per second), they
differ in their temporal resolution: Whisper emits one frame
every 20ms (50 frames per second, 2x downsampling), while
SeamlessM4T’s encoder returns one frame every 160ms (6.25
frames per second, 16x downsampling). This substantial dif-
ference in temporal resolution, with SeamlessM4T performing
much more aggressive downsampling, provides an interesting
opportunity to study how these architectural choices impact the
optimal adapter design.

2.2. Adapter

As we keep the SFM and LLM frozen, we design adapters with
high representation capacity, allowing for an effective map-
ping of the embeddings to the LLM input space. To do so,

!In our experiments, we use as textual prompt “can you transcribe
Ls?” for ASR, where L is the language of the audio, and “can you
translate from Ls to Ly ?” for ST, where L; is the target language.

Zhttps://huggingface.co/openai/whisper-large-v3

3https://huggingface.co/facebook/seamless-m4t-v2-large
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we follow [4, 16] which use a stack of vanilla Transformer
[21] encoder layers with bidirectional self-attention as modal-
ity adapters and investigate different methods as adapters. The
adapters are trained using a cross-entropy loss on the output of
the LLM having the transcripts for ASR and translations for
ST as target, unless stated otherwise. One key characteristic of
adapters is how they handle the sequence length. Some, like
the Base adapter, keep the original one, while others reduce it
using different strategies. Conv-based and WLQ-former-based
adapters apply a constant-factor compression, while CIF-based
and CTC-based adapters use a content-based one. Overall, we
investigate the following 5 adapters, shown in Figure 2.

Base. We use 4 transformer encoder layers with hidden size
768, with 3072 as the intermediate size and using 12 attention
heads. This adapter does not perform any length adaptation.
Conv-based. We introduce 2 1D-convolutional layers with
stride 2 after the second layer of the Base adapter, resulting in a
final compression factor of 4. No auxiliary loss is used.
CIF-based. Similarly to Conv-based, the adapter is extended
by introducing a Continuous Integrate-and-Fire (CIF) [10]
length adapter after the second Transformer layer. CIF is a se-
quence compression mechanism that accumulates input features
over time and emits an output when a given integration thresh-
old is reached, enabling variable-length sequence compression
while preserving key information. To train this module, we add
two auxiliary losses: a Connectionist Temporal Classification
(CTC) loss [22] with the transcripts as target, following [23],
and a quantity loss that controls the compression factor. The
weight associated with both auxiliary losses is 0.1. On aver-
age, this corresponds to a compression factor of 3 with Seam-
lessM4T and 25 with Whisper.

CTC-based. In this case, the length adapter is a CTC-based
compression [11], which collapses consecutive equal predic-
tions of a CTC module by averaging the corresponding vectors,
trained on the transcripts with an auxiliary CTC loss as done
in CIF-based. On average, this corresponds to a compression
factor of 2 for SeamlessM4T and 13 for Whisper.
WLQ-former. This adapter performs both modality and length
adaptation with a window-level Q-Former [3]. This module pro-
cesses variable-length encoded speech sequences by dividing
them into fixed-length windows of encoded frames and feeding
each of these non-overlapping windows to a Q-former architec-
ture [24]. The Q-former uses a fixed and configurable number of
learnable query vectors to attend to each window through cross-
attention. As a result, the compression factor is controlled by
the window length and the number of queries, which we set to
0.33 seconds and 1 respectively as per [3], and therefore results
in 2 for SeamlessM4T and 16 for Whisper.

Table 1: Compression rate for each configuration of
SFM/Adapter.
SFM |Adapter Compression ratio| Sampling rate (Hz)
. |Base 1:1 6.25
& |CIF-based 3:1 2.08
g Conv-based 4:1 1.56
& |CTC-based 2:1 3.12
WLQ-former 2:1 3.12
Base 1:1 50.00
5 |CIF-based 25:1 2.00
& |Conv-based 4:1 12.50
§ CTC-based 13:1 3.85
WLQ-former 16:1 3.12
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Figure 2: Representation of the adapters analyzed in the paper.

Table 2: Number of parameters for each adapter.

# trainable parameters (M)
Adapter len. adapt. n?od. adapt. Total
Base 0 28.35 28.35
Conv-based 25.20 28.35 53.55
CIF-based 28.15 28.35 56.50
CTC-based 25.20 28.35 53.55
WLQ-former 33.09

In Table 1, we report compression factors for each adapter.
We also distinguish between the SFMs (SeamlessM4T and
Whisper) as their output sequence length is very different
and this influences the compression factor, especially for the
content-based adapters (CIF-based and CTC-based). For the
content-based length adapters, we present the estimated com-
pression ratios on the test set, evaluated after training. Notably,
the CIF-based adapter reaches the highest compression ratio
(25:1) with Whisper, which corresponds to a ~2 Hz frequency
of output vectors. The CTC-based, on the other hand, reduces
the output sequence to ~3 Hz using SeamlessM4T while it re-
duces the sequence to approximately 4 Hz with Whisper. The
textual representations of the ground truth transcriptions, as tok-
enized by the LLM, contain ~2.7 token per second, i.e. slightly
longer than those produced by CIF-based and slightly shorter
than those produced by the CTC-based and WLQ-former.

2.3. LLM Decoder

As LLMs, we select Mistral-7B-Instruct-v0.3,* and Llama-3.1-
8B-Instruct’. The former is an English-centric model while the
latter is multilingual, covering English, German, French, Ital-
ian, Portuguese, Hindi, Spanish, and Thai. Moreover, Llama is
the most popular choice in previous works [4, 18,25]. Also in
this case, our goal is to maximize the difference between the
investigated LLMs while keeping the dimension close.

3. Experimental Settings

We trained all our models on CoVoST 2 [26] using English,
German, Spanish, French, and Italian as source languages and
German and English as target languages, and on MuST-C [27]
using German, French, Italian, Spanish as target languages.
The datasets for ASR were obtained by taking the audios in
the source languages and their corresponding transcriptions for
CoVoST, while for MuST-C we took audios and associated tran-
scriptions from the English-German partition. Our training pro-
cess consisted of 28,000 steps over 2 epochs. This was done

“https://huggingface.co/mistralai/Mistral-7B-Instruct-v0.3
Shttps://huggingface.co/meta-1lama/Meta-Llama- 3.1-8B-Instruct
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using either 4 NVIDIA GH200 96GB GPUs with a micro-batch
size of 10 samples and 4 gradient accumulation steps, or 8
NVIDIA A100 40GB GPUs with a micro-batch size of 10 sam-
ples and 2 gradient accumulation steps. This approach allowed
us to maintain a total batch size of 160 samples for both config-
urations. We took the last checkpoint as the final model for eval-
uation in all cases since early experiments showed better results
compared to averaging the last ones. A single training run took
approximately 24 hours on both described systems. We used
AdamW as the optimizer and a cosine scheduler for the learn-
ing rate with 10™* as the peak value and a linear warmup of 840
steps. The hyperparameters of all the Transformer layers in the
adapters are the same as in the BERTgasg model.® To ensure a
fair comparison, we kept the number of modality adaptation pa-
rameters constant across the different architectures, with the ex-
ception of the WLQ-Former where a distinction between length
and modality adaptation parameters cannot be made. The exact
number of trainable parameters for each configuration, with a
separation of length adaptation and modality adaptation param-
eters where possible, is reported in Table 2.

Results are reported as COMET’ [28] and WER? for, re-
spectively, ST and ASR on the CoVoST 2 test sets. Statistical
significance is computed using bootstrap resampling [29].

4. Results

In Table 3, we report the ASR and ST results of the SFM+LLM
architectures with the various combinations of SFMs, LLMs,
and length adapters introduced in Section 2. We did not bench-
mark inference times as autoregressive text decoding dominates
over non-autoregressive encoding of (adapted) audio features.

As previous works mostly rely on BLEU [30], we high-
light that our Whisper, Base adapter, and Llama model — a basic
configuration adopted by previous SFM+LLM works — scores
28.7 BLEU on CoVoST en-de (the most popular language di-
rection), a significantly higher result than the 25.1 BLEU of
Qwen-Audio [31], one of the best performing SFM+LLM solu-
tions. This confirms the soundness of our experimental settings
and the competitiveness of our results.

First, we observe that the choice of the SFM is the most
critical factor in terms of downstream performance. This is
shown not only by the fact that, in each configuration, the ver-
sion equipped with SeamlessM4T outperforms the counterpart
with Whisper on both tasks (ASR and ST) on average, but also
by the average improvement of more than 2 COMET on ST and
more than 1 WER on ASR of the best SeamlessM4T configura-
tions (with Llama and the WLQ-former or Base adapters) over
the best Whisper ones (with Llama and the Conv-based adapter

Shttps://huggingface.co/google-bert/bert-base-uncased
"Model: https://huggingface.co/Unbabel/wmt22-comet-da.
8Computed using jiwer (https:/pypi.org/project/jiwer/).



Table 3: ASR and ST results on CoVoST test sets. The best result for each (SFM, LLM) configuration is underlined, while the overall
best is bolded. The difference with Base is statistically significant (p < 0.05) unless for scores marked with .

SFM | LLM | Adapter ST - COMET (1) . ASR-WER.(¢)
en-de de-en es-en fr-enm it-en avg en es fr it de avg
Base 84.94 8475 86.65 84.71 8542 85.29| 648 6.56  9.69 78 836 7.78
E | CIF-based 84.31 8433 8631 8432 85.07 84.87| 7.10 692 1023 8.60 938 845
= % |Conv-based | 84.33 84.15 8620 84.11 8498 84.75| 7.53 7.83 11.38 10.07 11.44 9.65
%r = |CTC-based 8295 8248 8520 82.85 83.57 83.41| 794 790 1251 10.31 12.29 10.19
2 WLQ-former| 84.67 84.71" 86.60" 84.59 8529 85.17| 6.38" 6.80  9.83* 8.05 848" 7091
g _ |Base 85.12 84.15 86.17 84.08 84.78 84.86| 7.15 746 10.67 920 996 8.89
§ t;'s CIF-based 84.65 83.87 8598 83.86 84.65 84.60| 7.66 747 1236 10.18 10.50 9.63
g |Conv-based | 8542 8442 8643 8431 85.17 85.15| 7.16® 7.08 10.79* 899 9.83" 8.77
f CTC-based 83.78 8249 8521 82.83 83.60 83.58| 795 804 12.17 994 11.22 9.90
WLQ-former| 85.65 84.84 86.66 84.68 8539 85.44| 6.62 669 996 797 871 7.99
Base 7898 8138 8479 81.63 82.69 81.89| 11.37 7.57 12.81 10.14 10.88 10.55
E |CIF-based 77.79 8035 84.11 80.79 81.83 80.99| 12.57 845 1424 1232 13.09 12.13
2 |Conv-based | 78.73 81.26 84.72" 81.52* 82.58 81.76| 11.78 7.60 13.23 10.67 11.52 10.96
= |CTC-based 75.56 7653 81.75 7833 78.55 78.14| 14.69 10.63 17.15 15.09 16.50 14.81
5 WLQ-former| 79.07* 81.44* 84.92 81.68" 82.92 82.00| 11.82 821 13.60 1577 12.55 12.39
o _, |Base 80.43 82.15 8521 8233 83.06 82.64| 990 633 1127 852 9.09 9.02
§ e | CIF-based 7832 7894 82,51 80.09 80.27 80.02| 12.82 8.53 1431 12.80 13.53 12.40
g Conv-based | 80.84 82.57 8549 82.60 83.51 83.00| 9.90* 6.46 11.49* 8.75° 9.00" 9.12
5’ CTC-based 76.47 73.80 80.16 77.19 76.59 76.84| 14.02 1098 17.55 1629 17.21 15.21
WLQ-former| 79.95 81.56 84.88 81.56 82.89 82.17| 11.98 7.90 1452 11.10 12.84 11.67

for ST and Llama and Base for ASR). Instead, the choice of the
LLM is less critical, as demonstrated by the small gap (<0.2 on
both ASR and ST) between the best configuration with Llama
(Seamless as SFM and WLQ-former as adapter) and that with
Mistral (SeamlessM4T as SFM and Base as adapter). More-
over, the best results on average in ST are obtained with Llama,
while the best ones in ASR with Mistral.

Second, results clearly show that there is no one-size-fits-
all solution for the adapter. Interestingly, the LLM plays an
important role in the choice of the adapter. With Mistral, the
Base adapter generally yields the best results, even though the
WLQ-former is competitive, especially in ST. With Llama, in-
stead, the best adapter varies with the SFM used. While WLQ-
former is the best option with SeamlessM4T, the Conv-based
and Base adapters emerge with Whisper, with the former being
the best in ST and close in ASR, where differences among the
two are almost always not statistically significant. Across all
SFM and LLM configurations and tasks, the Base adapter al-
ways ranks first or second except for Llama+SeamlessM4T in
ST, where it is third. Moreover, content-based length adapters
consistently underperform other strategies. Together with the
observation that there is no clear trend of the results with respect
to the compression factor, these insights suggest that reducing
the length mismatch between textual and speech representations
is not critical for the quality of the outputs. However, reducing
the speech sequence length lowers computational costs, making
length adapters still a useful module to consider.

All in all, our results demonstrate the need for experiment-
ing in different settings in terms of SFM and LLM when com-
paring adapter solutions, as improvements in one specific sce-
nario may not generalize. In addition, LLMs shown to be robust
to input sequences of very different lengths, as the Base adapter,
which does not compress the speech sequence, and the WLQ-
former, which has high compression factors (16 with Whisper),
achieve competitive scores in most settings.
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5. Conclusions

This work systematically analyzed the importance and design of
the various building blocks that compose speech-to-text models
by connecting an SFM encoder and an LLM through an adapter.
To this aim, we compared all the combinations of 2 SFMs,
2 LLMs, and 5 adapters, which mostly differ in their length
reduction module. With comprehensive experiments covering
two tasks—ASR and ST-and 5 language directions, our results
demonstrate that the choice of the SFM is the most critical
factor influencing downstream performance. We also estab-
lished that there is no one-size-fits-all solution for the length
adapter, as the optimal choice varies depending on the specific
combination of SFM and LLM. Notably, the Base and WLQ-
former adapters, which feature very different compression fac-
tors, demonstrate strong performance across tasks, suggesting
that reducing sequence length mismatch between speech and
text is less crucial than previously assumed.
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