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ABSTRACT

Speech Language Models (SLM) have demonstrated strong capabilities in end-to-
end speech understanding and reasoning tasks by incorporating speech tokens into
a Large Language Model (LLM). However, most common designs are i) token-
intensive, since a large part of the LLM context is allotted to audio tokens, and ii)
inefficient, as audio representation is often redundant, hindering SLMs’ capabilities
to handle long-form tasks. To address token inefficiency, we propose a dynamic
sampling method that adaptively groups and merges speech tokens where the signal
is less information-dense. Our approach reduces speech length by 2× on average
while yielding performance comparable to or better than standard convolutional
downsampling across Speech Recognition (ASR), Speech Question-Answering
(SQA), and Speech Translation (ST). Through extensive empirical analysis, we
demonstrate the effectiveness of this strategy in preserving speech content and
exhibiting general speech understanding capabilities, while substantially reducing
token redundancy and inference cost by 40%. We release all of our code to the
community1.

1 INTRODUCTION

Recent advances in Large Language Models (LLMs) have encouraged substantial progress in ex-
tending language understanding and reasoning capabilities beyond text to other modalities Xu et al.
(2025a); Fang et al. (2024); Dash et al. (2025). Among these, Speech Language Models (SLMs)
have emerged as a promising direction, aiming to equip LLMs with the ability to process, reason
over, and generate speech signals directly, rather than relying solely on text-based representations
Shi et al. (2026); Cui et al. (2025); Tang et al. (2024). These models primarily achieve their strength
in reasoning by processing long contexts, such as video or long-form audio, using a transformer
architecture Shao et al. (2025b).

Despite this progress, current models are severely bottlenecked by the quadratic complexity of the
self-attention mechanism. More so than text, speech and audio are token expensive, and as the number
of tokens increases, the additional complexity leads to a significant computational and memory
footprint. For instance, modern audio encoders typically operate at frame rates of 20ms or finer,
producing thousands of tokens per minute of audio Hsu et al. (2021); Hu et al. (2024). As a result,
even a 10-minute clip may exceed 30K tokens, which is at the upper limit of the effective context
length for models that support extended context windows Hsieh et al. (2024), making real-world
scenarios with long-form audio entirely impractical. Despite the token-intensive encoding of speech,
the resulting representations are surprisingly redundant, with less than 50% of tokens actually being
attended to by the models Shang et al. (2025); Shao et al. (2025a;b). Current SLMs implicitly shift the
burden of filtering this redundancy to the backbone LM itself, thereby limiting the effective content
provided to the model and restricting reasoning over long-from speech. Therefore, addressing this
computational roadblock is crucial for allowing the real-world adoption of SLMs.

1https://github.com/sonalsannigrahi/AdaTS
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One approach to overcome the challenges imposed by the longer contexts of multimodal tokens is
token sampling. This approach is not only highly effective but also practical to implement as both a
test-time technique or as part of the training framework itself. Existing approaches subsample from
the input sequence through temporal pooling or convolutional downsampling Attanasio et al. (2025);
Xu et al. (2025a); Umberto et al. (2025). While they can reduce sequence length, these methods
are static and indiscriminate, treating all tokens uniformly regardless of their informational density.
This creates a fundamental trade-off between the compression rate and semantic preservation, often
discarding content-critical regions together with low-information segments. Other methods introduce
learned or iterative fusion strategies for long-speech processing Guo et al. (2025); Li et al. (2023),
but they require additional parameters, more complex training pipelines, or large backbone models
(>7B parameters). Consequently, efficient speech modelling remains restricted not only by model
size but also by how speech tokens are represented and allocated.

In this work, we propose ADATS, a dynamic sampling framework for efficient SLMs that adapts to
each speech signal. ADATS operates directly on the output of a pretrained speech encoder, following
which we apply a score-and-merge mechanism based on pairwise token similarity. Unlike uniform
downsampling, speech tokens are adaptively split into local subgroups and merged according to
their information density, producing coarse representations in redundant regions while preserving
high-resolution detail in content-bearing segments. We build upon the success of small-scale LLMs
Microsoft et al. (2025); Xu et al. (2025b); Martins et al. (2025) and train ADATS with a standard two-
stage SLM training pipeline on models under 2B parametres. We demonstrate through evaluations
across several tasks that ADATS preserves temporal consistency and fine-grained phonetic content
while reducing overall redundancy. On automatic speech recognition (ASR), speech translation (ST),
and speech question answering (SQA), including long-form SQA, we achieve up to 4× compression
and 2× on average while consistently improving upon downstream performance. In addition,
ADATS reduces inference cost by approximately 40% compared to convolutional downsampling at
smaller model scales for better performance. Our findings open the pathways of efficient SLM by
showing that scaling is not only about larger backbone LLMs or longer contexts, but also about how
speech tokens are utilised.

2 RELATED WORK

Multimodal Token Compression The challenge of learning efficient multimodal token represen-
tations is an active area of research. Across image, video, and speech domains, token compression
approaches can be split into four categories: transformation-based, similarity-based, query-based,
and attention-based Shao et al. (2025b). Focusing on transformation and similarity-based approaches,
the former leverages redundancy in multimodal tokens to effectively apply convolutional-pooling
as a downsampling strategy while preserving the original structural representation. Qwen models
Bai et al. (2025) leverage pooling layers for parameter-free down sampling. Furthering this strategy,
applying 1-D convolutional pooling across the temporal dimension can also reduce the number of
speech tokens Attanasio et al. (2025). Recent works such as the InternVL models Chen et al. (2024),
Qwen models Bai et al. (2025), and NVLM Dai et al. (2024) utilize a feature-map transformation2

to reduce the number of visual tokens by a factor of 0.25. Analogous to images, for the speech
modality, models utilize token-stacking wherein consecutive tokens are stacked along the hidden
dimension as seen in LLaMA-Omni Fang et al. (2025). Shifting focus to similarity-based approaches,
several works across both the image and speech modality make use of such strategies in different
flavors. DynTok Zhang et al. (2025) employs a threshold cut-off and merge strategy on visual tokens
to reduce the spatial redundancy while retaining crucial, information-dense patches. A-ToME Li
et al. (2023) applies adjacent token merging within the Transformer module to combine tokens with
high similarity scores between their key values. More recently, FastLongSpeech Guo et al. (2025)
incorporates an iterative fusion strategy with dynamic compression learned via a CTC-decoder in
a SLM. Differing from previous approaches in SLMs, our method is parameter-free, with limited
training overhead, and preserves the temporal consistency of the speech input despite more aggressive
compression as shown by our compression rates.

2We refer to pixel unshuffle here where a transformation consists of moving from high spatial resolution with
less channels to low spatial resolution with more channels.
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Speech Language Modelling Following the adoption of LLMs for the text domain, a similar trend
of moving from task-specific to general purpose models is observed for speech processing as well
Fang et al. (2025); Cui et al. (2025). Of these, we can generally categorise SLMs into three categories:
1) Pure Speech: where the model learns a next token prediction objective on unlabelled speech
data Hsu et al. (2021) 2) Speech and Text LMs: where the model jointly learns the distribution of
speech and corresponding text through text-aligned speech data such as ASR Nguyen et al. (2025);
Maiti et al. (2024) and 3) Speech-aware LMs: where models combine pre-trained LMs with speech
encoders to maintain instruction-following general purpose capabilities of LMs but extend their
processing capabilities to the speech domain Arora et al. (2025). Focusing on 2) and 3), we can
split approaches by pre and post training methods. A common approach for pre-training SLMs is
continually pre-training a text-only LM with a next-token prediction task using general speech-text
data (e.g., ASR) Ambilduke et al. (2025). To obtain a Speech-aware LM, instead of continued
pre-training, several works adopt an alignment phase where the speech and text embedding spaces
are aligned either via explicit or implicit signals. The pre-training phases enables the modelling
of joint speech-text data distributions, but still lacks the capability to solve downstream tasks. The
post-training phase is used to generally bias the SLM towards specific tasks, usually specified via
an instruction template. Following the modality and length adapters to align the output space of a
pre-trained speech encoder and the input space of a text decoder, a full fine-tuning stage is typically
used as the post-training strategy Verdini et al. (2024). Another parameter-efficient approach is to not
fully train the entire LM but only update the parameters of the adapter Microsoft et al. (2025) and
adding to the LM a set of parameter-efficient training modules.

3 ADAPTIVE SPEECH SAMPLING

ADATS follows a two-stage training strategy where we first align the output space of the speech
encoder and the input space of the text decoder keeping the components frozen, then we learn a full
fine-tuning stage where the decoder is trainable. We incorporate the sampling module in the second
stage of the training following the audio encoder, prior to passing the input into the text decoder.

3.1 SAMPLING MODULE

ADATS including the sampling module is depicted in Figure 1. From a pre-trained audio encoder, we
first generate a sequence of high-dimensional feature vectors A = a1, a2, . . . , an. Next, we compute
pair-wise token similarity and for a chosen threshold t, we then create a subgroup of tokens with
sim(ai, aj) > t which are merged as follows:

sim(ai, aj) =
aiaj

|ai||aj |
, amerged =

∑N
i=1(1− sim(ai, ai−1))ai

N
,

where 0 < i and N < n is the total number of tokens with similarity below t. We then replace tokens
ai, . . . , aN with amerged in output vector A′ resulting in fewer tokens overall. We also note that for
our choice of speech encoder, which is trained with contrastive cosine loss, to produce A′, cosine
similarity is an appropriate choice to measure token similarity Zhang et al. (2025); Zhou et al. (2022).

3.2 MODEL ARCHITECTURE

The three primary components are the audio encoder, projector, and the LM decoder. In line with
recent multimodal encoder-decoder models Attanasio et al. (2025); Bai et al. (2025); Grattafiori et al.
(2024), we follow a two-stage training approach to first learn a linear projector between the frozen
audio encoder and frozen LLM decoder then in the second stage, we unfreeze the LLM decoder and
fully finetune the model with a task-specific data mix.

Modality Alignment (MA) In the first training stage, we align the embedding spaces of the audio
encoder and text decoder with linear multi-layer perceptron (MLP) layers. We extract 80-dimensional
Mel-filterbank audio representations using our audio encoder. These output representations are then
further processed by a modality and length adapter to project them to the input embedding space of
the text decoder. During this stage, all components are kept frozen and only the pre-encoder layers
are trainable using ASR data. We follow all hyperparmetres suggested in Attanasio et al. (2025).

3
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Figure 1: Illustration of ADATS including the sampling module which consists of three steps:
obtaining representations from the audio encoder, computing pairwise cosine similarity, and merging
tokens.

Instruction Fine-tuning (IFT) Following the modality alignment, we concatenate the audio
embeddings to the text input embeddings and perform IFT using a suite of speech-to-text tasks for
English. Specifically, we train on ASR in English, SQA in English, and ST from English to 10 other
languages 3. In this stage, all components are trained end-to-end jointly.

Training Setup We train the model using a standard cross-entropy loss with a cosine scheduler on
reference transcripts on 4 H100 GPUs for 4 days. For both stages, we use 20 warmup steps with 128
gradient accumulation steps. We use AdamW Kingma & Ba (2015) as our optimizer with β1 = 0.9
and β2 = 0.95. We also use bfloat16 mixed precision. We set our learning rate as 6× 10−6 for the
encoder, 2× 10−5 for the decoder, and 2× 10−4 for the adapter.

3.3 DATA

Table 1 lists the data used per task and training stage category. We also complement natural datasets
with synthetically generated datasets as well to expand upon under-resourced tasks such as ST.
Additionally, we filter SQA data to better match real-world use cases. We restrict our mix to
open-license data only. In total, we use 80k hours of labelled speech data.

ASR We use LibriSpeech Panayotov et al. (2015), VoxPopuli Wang et al. (2021), CommonVoice
16.1 Ardila et al. (2020) during the less data-intensive modality alignment phase. Notably, we only
use ASR data during the alignment phase as previous works have shown ASR data promotes a general
understanding of speech-text alignment prior to task-specific training Arora et al. (2025). In the IFT
phase, we use all the data from the previous stage and add Peoples Speech, Giga Speech, and the
English split on Multilingual LibriSpeech.

ST We use gold-standard CoVoST-2 for En-De and a pseudo-labeled speech translation corpora,
Spite 4, to augment our ST data mix for remaining language pairs. Previous works have shown this
to be an effective strategy when coupled with quality filtering Attanasio et al. (2025); Ambilduke
et al. (2025). Spite was generated with a two-step process of translating ASR data and filtering the
result with COMETKiwi Rei et al. (2022), a quality estimation (QE) metric for text-only machine
translation Attanasio et al. (2025). We use the version of Spite translated using TowerPlus-9B and
with transcripts from CommonVoice 16.1 as the translation quality of TowerPlus-9B is the highest
among the models released Rei et al. (2025).

3French, German, Italian, Dutch, Korean, Portuguese, Russian, Chinese, Spanish
4https://huggingface.co/datasets/bpop/spite-CV16-TP9B
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Table 1: Data statistics with license and hours of speech data across all languages and task splits
considered.

Task Data License Hours

Modality Alignment (MA)

ASR

LibriSpeech (LS) CC-BY 4.0 1K
VoxPopuli CC-BY 4.0 1.8K
CommonVoice 16.1 CC-BY 4.0 4K

Instruction Fine-Tuning (IFT)

ASR

All MA data
Peoples Speech CC-BY 4.0 12K
CV 16.1 PL - 30K
GigaSpeech Apache-2.0 10K
Multilingual LS CC-BY 4.0 2K

ST CoVoST-2 CC-BY NC 4.0 3K
Spite-TP CC-BY 4.0 15K

SQA SpokenSQuAD CC BY-SA 4.0 -
SLUE SQA-5 CC BY-SA 4.0 244
LibriSQA CC-BY 4.0 360

SQA We use the SpokenSQuAD Lee et al. (2018), SLUE SQA-5 Shon et al. (2023), and Lib-
riSQAZhao et al. (2024) datasets for the task of English SQA which contain a mix of synthesized
speech as well as natural human speech sources paired with text targets. Following insights from Lee
et al. (2025), we further clean the QA pairs obtained from SpokenSQuAD and SLUE SQA-5 using
Qwen2.5-7B to reformulate the text-based answers into stand alone sentences.

Audio Chunking While most of the audio samples in the training data are less than 30 seconds in
nature, we include an audio chunking module to process longer audio sequences, which is applied
on the input speech prior to passing the audio to the encoder. We use a chunk length of 100s with
a 1s overlap. We process audio chunks in parallel and concatenate the encoded chunks. While
concatenating, we blend overlapping regions of two chunks by computing a weighted average. For
audios smaller than the chunk length, we do not apply any chunking. This allows us to evaluate our
model on long-form audio tasks despite training only on shorter sequences Guo et al. (2025).

4 EXPERIMENTS

We train and evaluate our models on three tasks: ASR, ST, SQA, and long-form SQA. We first discuss
the decoding method using followed by the different system settings we considered for our method.
Next, we detail comparable baseline approaches. Lastly, we list all the evaluation datasets and metrics
used for evaluation.

Evaluation Set-up We decode with zero shot prompting using task-specific tags unless specified
otherwise. For all tasks, we generate using beam search with beam size 3, a repetition penalty of
1.6, up to 1024 tokens. We constrain the text generation using a target language and task token. The
task tag is limited to <|transcribe|>, <|translate|>, or <|reply|> for ASR, ST, SQA
respectively. We use ISO codes for the languages considered as their language tags.5

4.1 SYSTEM SETTINGS

Encoder-Decoder We report results with Wav2Vec2Bert as our audio encoder. For the language
decoder, we restrict our approach to small-scale language models and report results with Qwen2.5
1.5B, Llama3.2 1B, and EuroLLM 1.7B.

Method Settings Within the sampling module, we report results with the following variations:

5<|en|>,<|de|>,<|es|>,<|fr|>,<|nl|>,<|pt|>,<|ko|>,<|zh|>,<|ru|>,<|it|>.
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• Threshold: We modulate the similarity threshold between 0.7 and 0.9 in 0.05 increments.
• Pooling method: We report three approaches: 1) average uniformly across the entire token

subgroup obtained for a certain threshold t, 2) weight each token in the subgroup by (1− s)
where s is the previously computed pairwise cosine similarity per (1), 3) prune all but the
first token in the subgroup (top-1).

• Training stage: Within the two-stage training set-up, we include the sampling module
during the MA phase, the IT phase, or in both.

4.2 BASELINES

We consider two approaches: static downsampling (conv-based and WLQF) and content-dependent
sampling (CTC-based) Verdini et al. (2024). We fix the speech encoder to Wav2Vec2Bert and use
Qwen2.5 1.5B as the backbone decoder for all cases.

• Conv-based: We use 3 1D-convolutional layers with stride 2 and kernel size 3 after the
modality adapter.

• WLQF: We use a Window-level Q-former (WLQF) Tang et al. (2024) to replace the modality
and length adapter. The module takes in variable-length outputs from the speech encoder
and splits them into non-overlapping windows of size N which is then passed to a Q-former
Li et al. (2022). We set N = 0.33 seconds and the number of queries to 1 as per Tang et al.
(2024). We set the adapter kernel size to 8 and stride to 8 per the best setting in Verdini et al.
(2024).

• CTC-based: FastLongSpeech (FLS) Guo et al. (2025) uses an iterative fusion strategy
trained with a CTC decoder to merge speech tokens. FLS is trained with Qwen2 Audio 7B
as the base LLM, to be comparable we report results with the 7B and 1.5B variant.

4.3 DATASETS

We report Word Error Rate (WER) on the LibriSpeech test split (clean and other) Panayotov et al.
(2015), VoxPopuli Wang et al. (2021), and FLEURS Conneau et al. (2023) for English ASR. We report
results on FLEURS ST for ST across all language pairs considered. We report average COMET-22
Rei et al. (2020) across the en→xx directions. Lastly, for SQA, we report F1 accuracy on the test split
of Spoken SQuAD Lee et al. (2018) and frame-F1, defined as F1 accuracy on the answer spans, on
SLUE SQA-5 Zhao et al. (2024). We further report results on LongSpeechEval (LS Eval) 6 which is
a long form SQA evaluation dataset where the average duration of audios are 2 minutes. We evaluate
LongSpeechEval using a LLM-as-a-judge protocol as described in Guo et al. (2025).

5 MAIN RESULTS

Table 2 presents our main results on ASR, SQA, and ST. First, we demonstrate that on the ASR task,
our sampling strategy is able to retain the temporal dependencies of the input speech and preserve the
content. Next, on SQA and ST tasks we show the improved speech-understanding capabilities of
our model. Lastly, we report results on long-form spoken QA tasks to show the applicability of our
approach beyond short audio sequences.

Speech Content Preservation We observe in Table 2, that across all ASR datasets, ADATS
consistently outperforms other methods. Considering both static downsampling as well as content-
dependent sampling, we find that ADATS remains the least sensitive to the subsampling of the speech
sequence and scale of the LLMs used. This finding suggests that we are able to effectively preserve
fine-grained details required to transcribe content accurately while reducing the overall redundancy
of the input. We discuss exact compression rates achieved in Section 6. Among content-dependent
methods, the FastLongSpeech (FLS) variants trained with 1.5B and 7B backbone LLMs exhibit a
clear performance gap, showing that the size of the decoder is crucial to final performance for this
approach– a dependency ADATS does not share, as it achieves competitive results even with smaller
backbones. Considering variants with several small-scale backbone LMs, we find that the choice of

6https://huggingface.co/datasets/ICTNLP/LongSpeech-Eval
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Table 2: Main results on ASR, SQA, and ST. We report baselines above and highlight models with
ADATS.

Models ASR (↓) SQA (↑) ST(↑)

Clean Other VoxPop FLEURS S-SQuAD SLUE LSEval FLEURS

Pooling 5.3 8.2 9.8 11.2 45.1 27.3 2.7 80.1
WLQF 3.6 4.5 10.2 10.1 53.1 30.4 3.0 81.3
FLS-1.5B 5.2 7.8 10.1 12.1 50.4 32.3 3.2 80.2
FLS-7B 4.1 7.2 9.8 10.3 - - 3.6 -

LLaMA 3.2 1B 4.3 10.2 15.5 12.3 53.5 32.6 3.2 81.1
EuroLLM 1.7B 5.6 9.8 14.4 10.9 52.3 31.4 3.1 78.6
Qwen 2.5 1.5B 2.9 6.2 9.5 8.5 58.9 37.5 3.5 82.0

backbone strongly determines overall performance, with Qwen 2.5 1.5B emerging as a consistently
strong foundation that yields the best results across ASR and ST tasks alike. However, despite the
same backbone, ADATS improves upon uniform pooling, even surpasses FLS-7B, demonstrating that
effective compression can compensate for reduced model size.

Speech Understanding In Table 2, for both tasks of short-form SQA and AST, ADATS outper-
forms other approaches. Notably, for SQA, pooling has the largest performance gap with other
approaches showing the limitations of static downsampling. WLQF improves considerably upon
vanilla convolutional downsampling and achieves comparable results to CTC-based FLS. Compared
to ASR, FLS is a stronger model for SQA tasks showing that CTC-based decoding is able to better
retain the overall information in the speech input but is worse at preserving the required phonetic
characteristics for accurate ASR. ADATS is able to improve upon the task-specific performance of
FLS as well the overall phonetic content preservation of WLQF. On long-form QA, LSEval, we find
that ADATS is able to perform competitively with FLS-7B showing that despite a small proportion of
audio longer than 30 seconds, training on only 30 second segments is sufficient to endow the model
with capabilities to process longer-form audio.

6 ANALYSIS

Following our main results, we report results from ablations in the model architecture and merge
strategy. Lastly, we share statistics regarding inference efficiency in terms of the compression rate
and TFLOPs, which measures the average number of floating-point operations (FLOPs) for a given
sample.

Table 3: Training Stage Ablations. Results on
LS Clean, SLUE, and FLEURS.

MA IFT ASR (↓) SQA (↑) ST (↑)

✗ ✗ 5.3 25.6 80.1
✗ ✓ 3.2 35.4 81.2
✓ ✗ 20.3 20.4 58.8
✓ ✓ 3.6 29.7 80.3

Training Stage Ablation Table 3 shows our re-
sults on applying the sampling module in modality
alignment phase of our training pipeline, IFT, or
both. Across all tasks we find that the best strat-
egy is to perform modality alignment with the full
sequences and then perform IFT with the com-
pressed tokens. This is in line with previous liter-
ature where the sampling strategy is often learnt
during the IFT phase of training. We further find
that while compressing sequences during IFT is
an advantageous approach, the reverse significantly degrades the performance. We observe that
while applying the compression strategy in both stages retains good performance, we are able to
improve upon these results by only fine-tuning using compressed representations in Stage 2. However,
applying compression only in Stage 1 of the training leads to a subpar model that is unable to perform
speech-text tasks. Therefore, the alignment learnt during the MA phase is crucial for the downstream
performance of the model. Our findings empirically motivates the approach of subsampling the
audio representation further in the IFT phase as the MA phase allows the model to recover even from
heavily compressed representations in the IFT phase.
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Figure 2: Performance vs. Threshold for ASR, SQA, and ST.

Table 4: Merge Strategies on LS Clean, SLUE,
and FLEURS.

Strategy ASR (↓) SQA (↑) ST (↑)

Avg 3.2 35.4 81.2
Weighted Avg 2.9 37.5 82.0

Top-1 3.0 37.2 81.0

Threshold Sensitivity Figure 2 illustrates the
performance of our evaluation suite against dif-
ferent threshold values t. Across all tasks, we
observe a similar trend with respect to t, where
lower values degrade performance. Comparing
the three tasks, we note that the ASR and ST are
much more sensitive to t with significant perfor-
mance drops with changes in the value. However,
in the SQA task the effect of the threshold is much less pronounced. This suggests that tasks which
require high content preservation also in turn require a more fine grained choice of t, whereas tasks
requiring general speech understanding are more robust to larger downsampling. Fixing t = 0.85,
we now investigate the optimal merge strategy. Table 4 reports results with three pooling methods:
averaging, averaging using weights as expressed in Section 3.1, and pruning all tokens but the first in
the token subgroup (Top-1). While simple averaging provides a strong baseline, we are able to further
improve upon it by weighted average which we find to be the best performing approach. Pruning as a
strategy is surprisingly effective in downstream tasks as well suggesting that the token subgroups
obtained by sampling are indeed low in information density.

Table 5: Compression Ratio Across Test Tasks
with t = 0.85. We report averages over all
datasets in each task for brevity.

Dataset ASR SQA ST
Min 1.23 1.16 1.25
Max 4.16 3.21 4.24
Avg 1.76 1.65 1.85

Efficiency After having found the best settings,
we show the compression rates achieved by our
sampling strategy. Table 5 reports the compres-
sion rates achieved by ADATS, averaging across
datasets in each evaluation task. We report com-
pression statistics at t = 0.85, which we found
work best among the tasks considered. On aver-
age, we obtained a 2x compression rate across all
tasks. In particular, for ASR and ST tasks, we are
able to compress more aggressively for the same
threshold when applied to SQA showing that the actual compression rate achieved is inherently
dataset dependent. Lastly, ADATS requires 2.14 TFLOPS for inference7 on a 10s audio while
convolutional downsampling requires 3.23 TFLOPs, yielding a 34% reduction in compute. For a
comparable performance, FLS-7B requires 8.54 TFLOPs representing 4 times the computational
effort.

7 CONCLUSION

In this work, we presented ADATS, a parameter-free, dynamic sampling method based on pairwise
token similarity. Our experimental results show that ADATS achieves competitive performance on
several tasks across benchmarks while reducing the token footprint up to 2x on average, and 4x
at maximum while obtaining significant gains in terms on inference efficiency. In particular, we
demonstrate that by an improved encoding of an incoming speech signal, we can bypass the additional

7We computed FLOPS using https://github.com/MrYxJ/calculate-flops.pytorch
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effort required by the text decoder to process longer contexts. Lastly, we report the best settings to
use similarity-based sampling to further guide research in token compression strategies. For future
work, we would like to further include a feature to measure content relevance as well depending on
the task. This is relevant when extending this framework to tasks such as summarisation wherein in
addition to mitigating temporal redundancies as measured on smaller segments of the entire audio,
we would also like to judge which parts of the audio are at all relevant to process further.

8 ETHICS STATEMENT

Our work produces a Speech Language Model trained on 11 language pairs with model efficiency as
a key element. We train with open license data and filter for quality carefully when possible, however
we acknowledge possible biased outputs and unintended misuse stemming from diversity in the data
or the backbone model itself. While we use a diverse range of sources for our training data and test
with various models, an effort to curate better data covering more aspects such as accent or gender
would be a welcome contribution. We do not specifically test for harmful biases in our model but we
also welcome future research in this direction. We do not work with any critical use cases or use any
personally-sensitive data. All content presented was authored by humans without the assistance of
LLMs.

9 REPRODUCIBILITY STATEMENT

In our work, we include details regarding the datasets and metrics used, training hyperparameters,
architectural details, design choices as well synthetic data generation pipelines to ensure completely
reproducible results. We also release all relevant code for the work to facilitate further research. In
addition, we only use publicly available datasets with CC-BY 4.0 or more permissive licenses and
open-weight backbone models allowing for easy replication of our work.
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Ricardo Rei, Nuno M Guerreiro, José Pombal, João Alves, Pedro Teixeirinha, Amin Farajian, and
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