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Abstract

Large Audio Language Models (LALMs) utilize either contin-
uous features or discrete tokens, yet the optimal representation
paradigm for general audio understanding remains debated. Ex-
isting benchmarks often focus on narrow domains or evaluate
encoders outside LALM contexts. To address these gaps, we
systematically evaluate continuous and discrete representations
across speech, sound and music. Utilizing our UniARC frame-
work with dual evaluation strategies across model scales from
SmolLM2-135M to Llama-3-8B, we analyze the dynamic re-
lationships of data volume, model capacity, and computational
efficiency. Our results reveal the pivotal role of semantic con-
straints in tokenization for audio understanding and demon-
strate that scaling backbones fail to compensate for information
loss in audio representation, especially in data-limited tasks.
These findings offer practical guidance for balancing semantic
density, fidelity, and efficiency in future LALMs.

Index Terms: large audio language models, audio encoders,
benchmarking, unified audio understanding

1. Introduction

In recent years, Large Audio Language Models (LALMs) have
advanced significantly [1, 2]. The underlying representation
schemes of these models have undergone several developments,
evolving from continuous features to discrete tokens, and cur-
rently towards hybrid approaches where both paradigms coexist
or are integrated [3, 4, 5]. Discrete representations, owing to
their structural consistency with text tokens, have greatly sim-
plified the process of cross-modal alignment [6, 7]. However,
the quantization bottleneck inherent in discretization often leads
to the loss of crucial acoustic details, prompting researchers to
re-examine the value of continuous features.

While numerous studies have emerged in this field, they of-
ten exhibit specific limitations. Some works focus on compar-
ing semantic discrete tokens with continuous features, neglect-
ing acoustic-based discrete representations [3, 4]. Others con-
duct evaluations outside the context of large language models
(LLMs) [8, 9], or concentrate on discrete tokens without a com-
prehensive benchmark against continuous features [10, 11]. No-
tably, most research focuses narrowly on speech, overlooking
general audio understanding [3]. Furthermore, existing evalua-
tions are often confined to constrained or “toy” settings, neglect-
ing the complex interplay between representation paradigms,
model capacity, and data scalability [4]. Therefore, a system-
atic comparison addressing both cross-domain capabilities and
real-world scaling dynamics is urgently needed.
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To bridge these gaps, we propose the Unified Audio
Representation Comparison (UniARC) framework, specifi-
cally designed for audio understanding. In this study, we
unify the terminology by referring to audio representation
modules as encoders, encompassing continuous features from
Self-Supervised Learning (SSL), and discrete tokens derived
from either clustering-based or neural codec-based paradigms.
To ensure the robustness of our findings and simulate real-
world deployment constraints, UniARC evaluates encoders un-
der two distinct strategies: (1) a parameter-efficient fine-tuning
setup leveraging SmolLM2-135M/360M [12], and (2) a frozen-
backbone probing pipeline using Llama-3-1B/8B [13]. Beyond
a direct comparison of encoding paradigms, we leverage the
UniARC to investigate the multi-dimensional interplay between
data volume, model capacity, and computational efficiency.

Our analysis reveals that regardless of the representational
form, the efficacy of audio encoders for understanding tasks is
primarily determined by the richness of their semantic infor-
mation. Specifically, we find that discrete tokens can surpass
continuous features when they incorporate strong semantic con-
straints, whereas high-fidelity representations focused purely on
signal reconstruction often fail in understanding tasks. These
findings suggest that the semantic compatibility of audio rep-
resentations with the language model’s reasoning space is the
primary determinant of performance in LALMs. Furthermore,
we demonstrate that for audio understanding, scaling the lan-
guage backbone cannot effectively compensate for insufficient
representational quality. Our findings reveal that the front-end
features effectively set a performance ceiling that remains un-
changed or even declines despite increases in model scale. The
primary contributions of this work are as follows:

* We comprehensively evaluate across three diverse audio do-
mains, i.e., speech, general sound, and music, to compare
LLM-based continuous and discrete representations specifi-
cally for audio understanding tasks.

* We analyze how representation paradigms, model scales and
data scalability interact, demonstrating that for audio under-
standing, aligning audio encoders with textual semantics is
more decisive than scaling LLM backbones.

* We identify the task-dependent strengths of different
paradigms within the understanding context, providing
guidelines for balancing semantic density, acoustic fidelity,
and training efficiency in future LALMs designs.

2. Evaluation Methodology

2.1. Evaluation Framework

Building upon the open-source XARES-LLM project [9], we
propose UniARC, a modular framework that systematically
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Figure 1: The UniARC evaluation framework. The modular design supports flexible configurations of encoders, projectors, and LLM
backbones. Fire and snowflake icons represent the training and frozen status of components, respectively.

evaluates audio encoders via an instruction-tuning paradigm, as
shown in Figure 1. Audio embeddings are appended to task-
specific prompts, guiding the LLM within a unified sequence-
to-sequence generation framework. To simulate diverse real-
world deployment scenarios, we implement two strategies.

The first scenario targets domain-specific experts via
parameter-efficient fine-tuning. For lightweight applications
where backbone updates are computationally feasible, we em-
ploy SmolLM2 (135M/360M) with a LoRA-based instruction-
tuning strategy [14], which updates only the adapters while
mapping audio embeddings via a projector, maximizing perfor-
mance on specific tasks within limited parameter budgets.

The second scenario evaluates general-purpose LLMs
via frozen-backbone probing. To preserve inherent reasoning
capabilities and minimize confounding variables from model
adaptation, we utilize Llama-3 (1B/8B) with frozen parameters.
To bridge the modality gap without updating the LLM, we em-
ploy a robust two-layer MLP projector and a 10-frame tempo-
ral concatenation to handle long acoustic sequences efficiently.
This design isolates the adaptive capacity of LLM, directly ex-
posing the intrinsic semantic quality of frontend encoders.

2.2. Processing of Audio representations

To ensure fair comparison, UniARC standardizes the conver-
sion of diverse audio inputs into a unified format compatible
with the LLM projector.

For continuous representations, raw audio is processed
by encoders into high-dimensional dense embeddings, preserv-
ing representational density within a continuous latent space.
For discrete representations derived from semantic clustering
(K-means) or neural codecs, inputs are first converted to token
indices and then mapped to codebook embeddings, effectively
transforming discrete units into a continuous vector space.

In both paradigms, the resulting embeddings are pro-
cessed by a projector to align dimensions with the LLM’s text
space, enabling end-to-end differentiable training. Finally, task-
specific prompts guide the model across all downstream tasks.

3. Experiments
3.1. Encoder Selection

We include a diverse set of encoders to cover different repre-
sentation paradigms. For continuous features, we select Hu-
BERT [15], WavLM [16], Wav2Vec 2.0 [17], and Whisper [18]
to represent SSL and weakly supervised approaches.

For discrete representations, we investigate two primary
categories of encoders based on discretization mechanisms: 1)
Clustering-based tokens, derived via K-means (1,000 centroids)

on SSL features (HuBERT, WavLM) to prioritize high-level se-
mantic abstraction [3]; and 2) Neural Codec tokens, learned
through end-to-end reconstruction. For the latter, we evalu-
ate DAC [19] and WavTokenizer [20], alongside SpeechTok-
enizer [21], a specialized codec that integrates semantic distil-
lation to decouple semantic content from acoustic details.

To ensure consistent feature quality, we operate all encoders
at 16 kHz, with the exception of WavTokenizer, which utilizes
its native 24 kHz configuration. For continuous encoders (Hu-
BERT, WavLM), we consistently extract the last hidden state.
For clustering-based discrete tokens, we set K-means clusters
to 1000 for SmolLm2-135M/360M lightweight decoders with
LoRA fine-tuning, balancing speech unit complexity, training
stability, inference efficiency and computational cost [3].

3.2. Tasks and Datasets

To align with the two evaluation strategies defined in UniARC,
we adopt a stratified task selection protocol covering Speech,
Sound, and Music. A comprehensive overview of all evaluated
datasets, task types, and metrics is summarized in Table 1.

Table 1: Overview of datasets, tasks, and metrics utilized in the
UniARC framework. Mode denotes the evaluation setup: Tuned
(T) with SmolLM?2, Frozen (F) with Llama-3, or Both.

Dataset Task Type (Abbr.) Metric Mode
Speech
LibriSpeech (LS) [22] Speech Recognition (ASR) WER/AWER  Both
AISHELL-1 [23] Speech Recognition (ASR) iCER T
Fluent Speech Commands [24] Intent Classification (IC) Acc T
SLURP [25] Intent Classification (IC) Acc F
Speech Commands V1 [26] Keyword Spotting (KS) Acc T
CREMA-D [27] Emotion Recognition (ER) Acc Both
IEMOCAP (28] Emotion Recognition (ER) Acc F
VoxCelebl [29] Speaker Identification (SI) Acc T
VoxLingua33 [30] Language Identification (LID) Acc T
LibriCount [31] Speaker Counting (SC) Acc T
VocalSound [32] Human Sound Classification (HSC)  Acc T
ASVspoof2015 [33] Spoofing Detection (SD) Acc T
Sound
ESC-50 [34] Environment Classification (EnvC)  Acc T
UrbanSound8K [35] Urban Sound Classification (USC) Acc Both
FSD50K [36] Sound Event Detection (SED) mAP T
FSDKaggle2018 [37] Sound Event Detection (SED) mAP T
Clotho [38] Sound Captioning (SCap) FENSE Both
MECAT [39] General Caption (GCap) DATE T
Music
GTZAN [40] Genre Classification (GC) Acc Both
Free Music Archive (FMA) [41]  Genre Classification (GC) Acc T
NSynth [42] Instrument Classification (InstC) Acc T
Song Describer (SDD) [43] Music Captioning (MCap) FENSE Both

For parameter-efficient fine-tuning evaluations, we utilize
a broad suite of instruction-tuning tasks adhering to XARES-
LLM to establish a fundamental baseline. Conversely, for
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Figure 2: Performance of representation paradigms within the UniARC fine-tuning pipeline (KM stands for K-means).

frozen-backbone probing evaluations, we strategically curate
a representative subset of core tasks. Notably, SLURP and
IEMOCAP are introduced here to rigorously probe encoders’
intrinsic semantic reasoning.

We employ metrics tailored to each task type: Accuracy
(Acc) for single-label classification, mAP for multi-label event
detection, FENSE [44] for audio/music captioning to evalu-
ate semantic fluency, and DATE [39] for general captioning.
For speech recognition, standard Word/Character Error Rates
(WER/CER) are calculated. To facilitate intuitive visualization
of fine-tuning evaluations, WER/CER are inverted into Inverse
Word/Character Error Rate iWER/iCER), ensuring that higher
scores consistently indicate better performance.

3.3. Experimental Setup

Our experiments are conducted on NVIDIA A100 GPUs us-
ing PyTorch. For Fine-Tuning Strategy, we apply LoRA (r =
8, a = 32) to LLM backbone on single GPU, maintaining con-
sistent default hyperparameters on a single GPU. For Frozen-
Probing Strategy, we freeze LLM and optimize only projector
using AdamW optimizer [45] with a learning rate of 1 x 107°
across four GPUs. To ensure fair comparison of representation
quality, all task-specific configurations within each strategy are
kept strictly identical across different audio encoders.

4. Results and Analysis

We comprehensively evaluate continuous features and discrete
tokens across diverse tasks under UniARC framework. Results
from the parameter-efficient fine-tuning strategy are visualized
in Figure 2, where datasets are color-coded by domain(speech
in blue, sound in green, music in red) on y-axis, and encoders
are color-coded by representation type (continuous in black,
discrete in gray). These results are numerically summarized
in Table 2 by averaging the scores within each domain. Con-
versely, detailed findings from the strict frozen-backbone prob-
ing strategy are presented in Table 3. The following subsec-
tions systematically analyze these results regarding representa-
tion paradigms, scaling effects, and training efficiency.

Table 2: Encoder Performance on Different Backbones. Higher
scores indicate better performance (7).

Encoder Speech Sound Music Overall
SmolLM2-135M
HuBERT 0.634 0.333 0445 0.491
‘Wav2Vec2 0.575 0.243 0.370 0418
WavLM 0.766 0.466 0.561 0.620
Whisper 0.858 0.618 0.666 0.735
HuBERT+Kmeans 0.534 0.263 0.356 0.403
WavLM+Kmeans 0.620 0.361 0.488 0.503
DAC 0.419 0.381 0.554 0432
SpeechTokenizer 0.593 0440 0.541 0.529
‘WavTokenizer 0.353 0408 0.535 0.409
SmolLM2-360M
HuBERT 0.603 0.331 0432 0474
Wav2Vec2 0.589 0.238 0.368 0.422
WavLM 0.732 0438 0.555 0.594
Whisper 0.807 0.561 0.635 0.687
HuBERT+Kmeans 0.502 0.304 0.366 0.407
WavLM+Kmeans  0.665 0.407 0.457 0.533
DAC 0.435 0391 0417 0416
SpeechTokenizer 0.583 0.375 0.505 0.49%4
WavTokenizer 0.347 0.378 0.523 0.393

4.1. Analysis of Representation Paradigms

Based on the experimental results in Figure 2 and Table 3, we
find that whether an encoder is discrete or continuous is not the
primary factor governing performance; rather, semantic com-
patibility fundamentally dictates its efficacy for LLM-based un-
derstanding, far outweighing raw signal fidelity.

This principle is evident among continuous encoders.
Weakly supervised Whisper aligns features with textual seman-
tics, leads across most benchmarks. Conversely, Wav2Vec2’s
self-supervised focus on low-level acoustics limits its efficacy in
non-speech semantic tasks. This confirms that while SSL mod-
els excel at signal modeling, Whisper’s text-aligned features are
more effective for high-level LLM reasoning.

A similar trend governs discrete representations, explaining



Table 3: Experimental results across Speech, Sound, and Music domains. Best results within each model scale (1B/8B) are bolded.

| Speech | Sound | Music
Model \ ASR (WER % |) ER (ACC % 1) IC (ACC % 1) \ USC (ACC % 1) SCap (FENSE 1) \ GC (ACC % 1) MCap (FENSE 1)
L.5-960 L8100 ypviocAP  CREMA-D SLURP UrbanSound8K Clotho GTZAN SDD
(clean/other) (clean)
1B Models
HuBERT 2.31/4.62 345 52.30 50.12 71.23 55.56 0.196 30.69 0.453
SpeechTokenizer 40.62/70.08 80.82 57.70 51.97 41.82 60.33 0.143 51.03 0.476
WavLM 4.02/6.55 6.00 64.06 64.62 68.67 69.89 0.164 61.72 0.545
DAC 171.02/177.48  208.46 47.46 36.24 7.90 51.14 0.211 35.17 0.478
8B Models
HuBERT 2.24/4.38 313 47.62 52.21 70.13 48.03 0.129 45.19 0.507
SpeechTokenizer 18.33/38.75 83.40 56.49 54.30 41.47 71.92 0.083 51.72 0.392
WavLM 2.83/5.57 5.49 62.29 67.81 65.39 71.45 0.177 59.31 0.523
DAC 147.35/148.41  166.57 46.01 29.85 7.42 48.86 0.101 36.55 0.501

the divergence among tokenization paradigms. While K-means
quantization typically lags behind continuous features due to
information loss, encoders that incorporate explicit semantic
constraints defy this trend. Notably, SpeechTokenizer consis-
tently surpasses its continuous teacher, HUuBERT, in specific
tasks such as ER. This demonstrates that semantically-aware
discretization can act as a regularizer, distilling high-density se-
mantic features optimally tailored for LLM comprehension.

Conversely, reconstruction-oriented codecs (e.g., DAC and
WavTokenizer) struggle with semantic understanding tasks de-
spite their superior fidelity. The preservation of low-level acous-
tic details, such as phase and microstructural information, may
introduce irrelevant noise that complicates the mapping of au-
dio features into the LLM’s semantic space. However, this high
fidelity remains valuable for timbre-sensitive tasks like music
classification (NSynth), where fine-grained frequency details
are more critical than high-level semantic abstractions.

4.2. Scaling, Data Diversity, and Efficiency

Backbone Scaling and the Inverse Scaling Phenomenon. We
analyze scaling behavior separately within each model family:
SmolLM2 (135M to 360M) and Llama-3 (1B to 8B). As shown
in Tables 2 and 3, increasing capacity does not yield univer-
sal improvements. For SmolLM2, scaling from 135M to 360M
provides marginal gains or fluctuations, suggesting capacity sat-
uration for the evaluated encoders. For Llama-3, while scaling
laws [46] hold for the data-abundant ASR task (LS-960), perfor-
mance regression occurs in many data-limited scenarios. Over-
all, across both frameworks, performance decreased in approxi-
mately 53% of the evaluated encoder-task configurations. These
results indicate that for audio understanding, scaling backbones
cannot compensate for low feature quality or limited training
data. While we focus on representations rather than projector
design, our simple MLP might act as a bottleneck limiting these
scaling benefits, which future context-aware architectures could
mitigate by preventing surjective mappings.

Impact of Pre-training Data Diversity. Encoder under-
standing performance depends on the breadth of pre-training.
While semantic compatibility governs overall efficacy, the task-
level breakdowns in Tables 2 and 3 further elucidate the criti-
cal impact of pre-training data diversity. As observed in Table
2, encoders pre-trained on diverse, multi-domain data (Whis-
per and WavLM) show a clear advantage over those trained ex-
clusively on speech (HuBERT and SpeechTokenizer). Further-
more, results in Table 3 provide a more nuanced perspective:
although HuBERT excels in tasks heavily reliant on speech-

specific semantics, such as ASR and IC—sometimes even sur-
passing WavLM—the latter maintains its dominance across
most of other general-audio categories. This gap underscores
that multi-domain pre-training is essential for universal audio
understanding, since instruction-tuning alone cannot bridge rep-
resentation gaps inherited from narrow pre-training data.
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Figure 3: Total training time until convergence for encoders.

Relative Duration (DAC = 1.0)

Computational Efficiency and Training Convergence.
As illustrated in Figure 3, the computational cost of continu-
ous features is a practical challenge. The sequence processing
latency for continuous encoders (HuBERT and WavLM) signifi-
cantly exceeds that of discrete tokenizers (SpeechTokenizer and
DAC) across all benchmarks. Notably, discrete representations
converge much faster during modality alignment, with valida-
tion performance stabilizing in fewer training steps. Despite the
performance edge of continuous features in certain domains, the
rapid convergence and lower overhead of discrete tokens make
them an attractive paradigm for resource-constrained research
and rapid system deployment.

5. Conclusion

This paper systematically evaluates continuous and discrete rep-
resentations for audio understanding across speech, sound, and
music. Results reveal that discrete and continuous encoders
exhibit distinct and complementary strengths across task re-
quirements. We highlight the necessity of incorporating seman-
tic constraints into discrete representations. Furthermore, our
study underscores multi-domain pre-training data in achieving
universal audio intelligence. Crucially, for audio understand-
ing, backbone scaling fails to consistently compensate for an
encoder’s low semantic density, often leading to performance
regression in data-limited tasks. These insights guide future
LALM development, suggesting a focus on balancing seman-
tics and fidelity through multi-domain pre-training.
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