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Abstract
Extending the input modality of Large Lan-
guage Models (LLMs) to the audio domain is
essential for achieving comprehensive multi-
modal perception. However, it is well-known
that acoustic information is intrinsically hetero-
geneous, entangling attributes such as speech,
music, and environmental sounds. Existing
methods typically rely on dense, parameter-
shared adapters to model these diverse patterns,
which induces gradient conflict during opti-
mization, as parameter updates required for
distinct attributes contradict each other. To ad-
dress this limitation, we introduce the MoE-
Adapter, a sparse Mixture-of-Experts (MoE)
architecture designed to decouple acoustic in-
formation. Specifically, it employs a dynamic
gating mechanism that routes audio tokens to
specialized experts that capture complemen-
tary feature subspaces while retaining shared
experts for global context, thereby mitigating
gradient conflicts and enabling fine-grained
feature learning. Comprehensive experiments
show that the MoE-Adapter achieves superior
performance on both audio semantic and par-
alinguistic tasks, consistently outperforming
dense linear baselines with comparable com-
putational costs. To facilitate future research,
our code are publicly available at https://
github.com/Alittleegg/Eureka-Audio.

1 Introduction

Large Language Models (LLMs) have revolution-
ized cognitive intelligence through their excep-
tional text-processing capabilities (Achiam et al.,
2023; Guo et al., 2025; Yang et al., 2025; Wang
et al., 2026; Zhang et al., 2026). However, limit-
ing these models to the textual modality constrains
their ability to perceive and interact with the dy-
namic physical world. As audio serves as a primary
channel for both human communication and envi-
ronmental perception, extending LLMs to the audio

*Equal contribution.
†Corresponding author.

Figure 1: Visualization of Gradient Conflict. The nat-
urally disjoint manifolds of Speech, Music, and Sound
induce divergent gradient update directions (∇L), creat-
ing an optimization conflict that pulls the shared adapter
in contradictory ways.

domain is a critical research frontier (Rubenstein
et al., 2023; Ji et al., 2024; Shu et al., 2025). The
prevailing paradigm involves inserting an adapter
to project acoustic features into the textual semantic
space. However, recent approaches predominantly
rely on a dense, parameter-shared adapter for this
purpose (Tang et al., 2023; Chu et al., 2024; Xie and
Wu, 2024; Team et al., 2025; Xu et al., 2025). For
instance, Kimi-Audio (Ding et al., 2025) utilizes a
fixed MLP-based projector, while Audio Flamingo
3 (Goel et al., 2025) employs temporal compres-
sion layers with globally shared parameters. While
straightforward, these designs implicitly assume
that a single unified projection can uniformly cap-
ture the intrinsic heterogeneity of complex audio
signals.

However, as illustrated in Figure 1, this assump-
tion conflicts with the intrinsic topology of the
acoustic modality: rather than conforming to a
uniform distribution, human speech, music, and en-
vironmental sounds occupy distinct manifolds with
divergent statistical properties (Gemmeke et al.,
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2017; Yang et al., 2021). Constraining a static,
parameter-shared adapter to map these heteroge-
neous inputs into a unified space precipitates signif-
icant gradient conflicts (Chen et al., 2018; Yu et al.,
2020). Specifically, parameter updates required for
semantic speech often contradict those for paralin-
guistic cues, engendering destructive interference
within the shared weights (Liu et al., 2021). We
empirically substantiate these conflicts in Section 5.
Consequently, a monolithic adapter is ill-suited for
simultaneous alignment and disentanglement. This
raises a fundamental question: How can an archi-
tecture be designed to explicitly accommodate the
heterogeneous structure of audio data rather than
suppressing it?

Mixture-of-Experts (MoE) architectures offer a
principled inductive bias for managing such intrin-
sic distributional heterogeneity. By conditionally
activating sparse subsets of experts, MoE enables
the decomposition of complex data manifolds into
manageable subspaces, allowing distinct experts to
specialize in specific acoustic attributes (Shazeer
et al., 2017; Fedus et al., 2022). This specialization
effectively orthogonalizes optimization directions,
mitigating gradient conflicts arising from entan-
gled features. While the efficacy of this paradigm
has been rigorously validated in vision and multi-
modal domains (Riquelme et al., 2021; Mustafa
et al., 2022; Zhang et al., 2025a; Li et al., 2025b; Su
et al., 2025), its potential remains largely untapped
in audio-text alignment. To date, prevalent Large
Audio Language Models (LALMs) persist in their
reliance on static, monolithic adapters, leaving the
challenge of acoustic heterogeneity unaddressed.

To bridge this gap, we introduce the MoE-
Adapter, a sparse and dynamic architecture explic-
itly designed to resolve optimization bottlenecks
induced by acoustic heterogeneity. Departing from
the monolithic paradigm that subjects all parame-
ters to uniform global updates, our approach lever-
ages a learnable gating mechanism to dynamically
route input segments to specialized experts based
on their intrinsic acoustic attributes. This mech-
anism orchestrates a decoupled optimization pro-
cess: gradient updates from conflicting signal types
are isolated to specific experts, significantly re-
ducing interference while retaining shared experts
for common feature extraction. Consequently, the
MoE-Adapter achieves effective disentanglement
of diverse acoustic factors and alignment with the
textual space, all while maintaining inference-time
computational costs comparable to dense baselines.

In summary, the main contributions of this paper
are as follows:

• Architectural Innovation: We propose the
MoE Adapter, a sparse, dynamically routed
projection layer that seamlessly replaces static
adapters, explicitly targeting gradient conflicts
via expert specialization.

• Empirical Insight: We substantiate the exis-
tence of severe gradient interference across se-
mantic, paralinguistic, and environmental fac-
tors in parameter-shared adapters, and demon-
strate how our method effectively alleviates
these optimization bottlenecks.

• Performance & Efficiency: We validate the
proposed architecture on a 1.7B-parameter
LLM backbone. The MoE-Adapter consis-
tently outperforms dense baselines in both se-
mantic understanding and paralinguistic tasks,
demonstrating a more favorable performance–
efficiency trade-off under a fixed model capac-
ity.

2 Related Works

2.1 Large Audio Language Models
LALMs have evolved from cascaded pipelines to
unified end-to-end frameworks (Ji et al., 2024).
Early cascaded models (Zhang et al., 2023; Huang
et al., 2024) relied on Automatic Speech Recogni-
tion (ASR) transcripts, suffering from error propa-
gation and the loss of non-verbal cues. In contrast,
end-to-end models (Rubenstein et al., 2023; Shu
et al., 2025) bridge the modality gap by mapping
acoustic features to the textual space via learnable
adapters. These adapters typically fall into two
categories: Q-Former-based architectures, exempli-
fied by SALMONN (Tang et al., 2023), and Linear
Projectors, as adopted by Qwen2-Audio (Chu et al.,
2024), GLM-4-Voice (Zeng et al., 2024), LLaMA-
Omni (Fang et al., 2024), Step-Audio2 (Wu et al.,
2025) and Kimi-Audio (Ding et al., 2025). While
simpler and more efficient, current state-of-the-art
models largely favor the latter, utilizing a dense,
global projection layer. However, this prevailing
design implicitly assumes a uniform distribution
across diverse audio types. As a result, it strug-
gles to resolve the distributional shifts between
semantic speech and acoustic events, leading to
gradient conflicts (Yu et al., 2020; Zhang et al.,
2025b; Li et al., 2025a). In this work, we challenge
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Figure 2: The overall architecture of the MoE Adapter compared with the Dense Adapter baseline. Unlike
the monolithic, parameter-shared design in (a), the MoE-Adapter in (b) employs a sparse gating mechanism to
dynamically route audio tokens to specialized experts. This architecture facilitates fine-grained feature learning
and effectively mitigates gradient conflicts by disentangling heterogeneous acoustic attributes during the projection
phase.

this monolithic convention by introducing a sparse
MoE mechanism.

2.2 Mixture-of-Experts Architectures
The MoE paradigm has evolved from decompos-
ing complex problems (Jacobs et al., 1991) into
a standard for efficient training that handles data
heterogeneity and mitigates gradient conflicts via
sparse gating (Shazeer et al., 2017). Recent studies
in multimodal domains (Chen et al., 2023; Li et al.,
2025b; Zhang et al., 2025a) validate this capability,
demonstrating that routing conflicting tasks to or-
thogonal experts effectively resolves optimization
bottlenecks where different modalities require con-
tradictory parameter updates (Huang et al., 2025;
Xin et al., 2025). In the audio domain, the adop-
tion of MoE is similarly expanding. Recent works
have successfully adapted this paradigm for spe-
cific applications, exemplified by speech and music
generation (Liu et al., 2025) and robust feature
selection in healthcare (Shao et al., 2025). How-
ever, despite these advancements, the potential of
MoE for general-purpose audio–text alignment re-
mains largely untapped. Prevalent LALMs persist

in relying on static, parameter-shared adapters—a
monolithic design that forces a single set of pa-
rameters to model intrinsically diverse acoustic at-
tributes. We address this limitation by introducing
the MoE-Adapter, leveraging dynamic expert rout-
ing to explicitly disentangle conflicting acoustic
patterns during the alignment phase.

3 Method

3.1 Overall Framework

As depicted on the left side of Figure 2 (b), our
model leverages the dual-stream architecture of
Kimi-Audio (Ding et al., 2025). The audio fron-
tend employs two pathways: a frozen tokenizer ex-
tracts discrete semantic tokens, while a speech en-
coder captures continuous acoustic features. These
heterogeneous representations are subsequently
aligned via a projection layer and fused through
element-wise summation. Instead of using a stan-
dard dense adapter, we employ a MoE-Adapter to
dynamically map the fused features into the LLM’s
embedding space. Finally, the adapted audio em-
beddings are concatenated with text token embed-
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dings and serve as input to the backbone for stan-
dard autoregressive next-token prediction (NTP).

3.2 Sparse MoE Adapter

Preliminary: Dense Adapter. As shown in Fig-
ure 2 (a), the LALMs typically employ a mono-
lithic Feed-Forward Network (FFN) as the modal-
ity projector. Formally, given an input audio token
x ∈ Rd, the projected embedding y ∈ RD is for-
mulated as:

y = N
(
Wd2 · σ

(
Wd1 · N (x)

))
, (1)

where N (·) denotes Layer Normalization, σ(·)
represents the SiLU activation function, and
Wd1,Wd2 are the learnable weight matrices spe-
cific to the dense projector. This output y is sub-
sequently utilized to substitute audio placeholder
tokens within the LLM input sequence. However,
this monolithic design imposes a rigid inductive
bias: a single set of parameters is forced to ac-
commodate heterogeneous acoustic modalities, in-
evitably inducing optimization interference.

Sparse Adapter with MoE Mechanisms. Fig-
ure 2 (b) illustrates the overall architecture of the
MoE Adapter. To facilitate fine-grained feature
specialization, we replace the monolithic architec-
ture with a bank of N experts, denoted as {Ei}Ni=1.
Each expert Ei is parameterized as a lightweight
FFN utilizing the SiLU activation ϕ(·):

Ei(x) = W
(i)
e2 · ϕ

(
W

(i)
e1 · N (x)

)
, (2)

where W
(i)
e1 and W

(i)
e2 denote the unique weight

matrices for the i-th expert. To orchestrate expert
selection, a learnable router G(·) computes sparse
gating probabilities based on the logits s = xWg,
where Wg is the gating matrix:

G(x) = softmax
(
Tk(s)

)
. (3)

Here, Tk(·) represents the Top-k operator, which re-
tains the k largest values while masking the remain-
der to −∞. The expert outputs are synthesized via
weighted aggregation to yield the intermediate rep-
resentation hMoE:

hMoE =
∑

i∈I
G(x)i · Ei(x), (4)

where I denotes the set of indices corresponding
to the active experts selected by the router.

Output Projection and Aggregation. To align
the aggregated features with the LLM’s embedding
space, hMoE is processed by an aggregation block
consisting of layer normalization followed by a
two-layer feed-forward network:

yMoE = Wa2 · σ
(
Wa1 · N (hMoE)

)
, (5)

where Wa1 and Wa2 are the learnable weight ma-
trices of the aggregation MLP. This adapted output
yMoE is used to replace the pre-defined audio place-
holders in the input sequence, thereby conditioning
the next-token prediction task on the optimized,
disentangled acoustic context.

3.3 Training Objectives
The entire model is optimized end-to-end using a
joint objective:

L = LNTP + λLaux. (6)

Next-Token Prediction Loss. The primary train-
ing objective is next-token prediction conditioned
on the audio context:

LNTP = −
T∑

t=1

logP (yt | y<t,X; θ), (7)

where θ denotes the model parameters and X refers
to the fused audio representation before the adapter,
whose adapted form is used to condition the LLM.

Auxiliary Load-Balancing Loss. To mitigate ex-
pert collapse, we adopt a standard load-balancing
loss (Lepikhin et al., 2021) over the routed experts
ER. Let B denote the number of routed tokens in a
batch. For each token xb, the router outputs a rout-
ing probability pb,e = G(xb)e for expert e ∈ ER.
We define the expert importance as the average
routing probability,

P̄e =
1

B

B∑

b=1

pb,e, (8)

and the expert load as the fraction of tokens routed
to expert e,

f̄e =
1

B

B∑

b=1

rb,e, (9)

where rb,e = 1 if expert e is selected for token xb

by Top-k routing, and 0 otherwise. The auxiliary
loss is then computed as:

Laux = |ER|
∑

e∈ER
P̄e · f̄e. (10)
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Benchmark
Text Accuracy (↑) Audio Accuracy (↑) Modality Gap (↑)

Backbone LLM Baseline Ours Improv. Baseline Ours

Task: Audio Knowledge Reasoning

MMSU (Chen et al., 2024) 52.86 35.03 38.19 +3.16 -17.83 -14.67
OBQA (Chen et al., 2024) 68.35 50.10 53.85 +3.75 -18.25 -14.50

Task: Audio Perception

MMAU (Sakshi et al., 2024) - 59.79 61.50 +1.71 - -

Table 1: Main results on audio understanding and cross-modal alignment. Compared to a dense baseline
under a controlled budget, MoE-Adapter consistently improves audio accuracy and reduces the modality gap (the
performance disparity between audio and text inputs), demonstrating superior representational capacity.

4 Experiments

4.1 Experimental Setups

Model Architecture & Training Settings. The
LLM backbone utilizes Qwen3-1.7B 1. The audio
frontend employs the Whisper-VQ tokenizer (Zeng
et al., 2024) and the Whisper Encoder (Radford
et al., 2022). Training is conducted on a high-
quality 40B-token corpus using AdamW (β1 =
0.9, β2 = 0.95) and a Warmup-Stable-Decay
scheduler (Wen et al., 2024) (peak LR 1×10−5, 20
warmup steps). For fair comparison 2, we constrain
the total parameter budget of both the dense adapter
and the MoE-Adapter to 94.4M parameters. No-
tably, due to sparse activation, the MoE-Adapter ac-
tivates only approximately 70.8M parameters dur-
ing inference, corresponding to about 75% of the
baseline. In addition, we fix random seeds across
all experiments to control stochasticity and ensure
experimental fairness.

Evaluation. We conduct few-shot evaluations
on widely adopted benchmarks. Specifically, we
leverage MMAU (Sakshi et al., 2024)—a large-
scale benchmark covering speech, sounds, and
music—for perception-oriented audio understand-
ing, focusing on acoustic and paralinguistic reason-
ing. For world knowledge reasoning, we utilize
the MMSU and OpenBookQA (OBQA) subsets
of VoiceBench (Chen et al., 2024), which are au-
dio adaptations of the text-only MMLU-Pro (Wang
et al., 2024) and require higher-level semantic rea-
soning beyond low-level perceptual cues. All eval-
uations are performed using greedy decoding to
ensure deterministic and comparable results.

1https://huggingface.co/Qwen/Qwen3-1.7B
2Additional training hyperparameters and implementation

details are provided in Appendix.

4.2 Main Results

Table 1 presents the performance comparison be-
tween our method and the baseline across all bench-
marks. Here, we highlight how the MoE-Adapter
drives consistent improvements across three key di-
mensions: knowledge reasoning, audio perception,
and cross-modal alignment.

Knowledge Reasoning Gains. Our method con-
sistently outperforms the baseline across au-
dio knowledge benchmarks. Specifically, on
MMSU and OBQA, we achieve gains of 3.16%
(35.03% → 38.19%) and 3.75% (50.10% →
53.85%), respectively. These results suggest that
expert specialization enables the model to effec-
tively capture knowledge-centric semantic informa-
tion, thereby enhancing both commonsense reason-
ing and cross-domain knowledge integration.

Robust Audio Perception Beyond knowledge-
centric tasks, our method also demonstrates ro-
bust performance on paralinguistic understand-
ing. Specifically, it achieves a 1.71% absolute im-
provement on the MMAU benchmark (59.79% →
61.50%). This result indicates that the MoE mech-
anism effectively captures diverse acoustic and par-
alinguistic cues, leading to improved audio percep-
tion and demonstrating robustness across heteroge-
neous audio domains.

Reduced Modality Gap. We further quantify
audio–text consistency using the Modality Gap,
where our method shows consistent reductions. For
instance, on MMSU, the gap narrows significantly
from −17.83 to −14.67 (an improvement of 3.16).
These gains confirm that the dynamic routing mech-
anism maps heterogeneous acoustic representations
into subspaces that are more compatible with the
LLM of text embedding space, yielding superior
alignment compared to static dense adapters.
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4.3 Ablation Studies
In this section, we conduct ablation studies to ex-
amine the effectiveness of key architectural and
routing design choices in MoE-Adapter. We ana-
lyze how expert configuration, routing sparsity, and
training objectives influence audio understanding
and reasoning performance across different bench-
marks.

4.3.1 Expert Configuration and Sparsity
We analyze how expert configuration and routing
sparsity affect audio understanding and reasoning
under the same training token budget. Results on
MMAU, MMSU, and OBQA are summarized in
Table 2.

Configuration Dim Accuracy (↑)

MMAU MMSU OBQA

8 choose 4 (Ours) D 61.50 38.19 53.85
16 choose 4 D 60.80 34.77 48.35
8 choose 1 D 59.89 32.95 43.95
4 choose 2 D 61.10 38.12 52.74
8 choose 4 D/2 60.60 37.28 54.72
8 choose 4 2D 59.69 35.94 50.54

Table 2: Ablation on expert configurations. We an-
alyze the impact of expert count, routing sparsity, and
dimension capacity. The default setting “8 choose 4”
(highlighted) achieves the best overall balance.

Notably, increasing the total number of experts
does not necessarily improve performance: expand-
ing from “8 choose 4” to “16 choose 4” consistently
degrades performance across all benchmarks. Re-
garding routing sparsity, stronger constraints are
not always beneficial; activating too few experts,
such as “8 choose 1”, significantly harms audio
reasoning ability, while moderate sparsity (specifi-
cally “4 choose 2” or “8 choose 4”) yields stronger
results. Furthermore, larger expert capacity is not
inherently better: increasing expert dimensional-
ity (“8 choose 4, 2D”) leads to consistent perfor-
mance drops, whereas reduced capacity can remain
competitive on certain reasoning benchmarks. Cru-
cially, under the same training budget, configura-
tions with larger effective capacity through more
active experts (exemplified by “4 choose 2” vs. “8
choose 4”) can achieve comparable or improved
performance, highlighting the importance of bal-
ancing model capacity and routing sparsity.

In conclusion, effective audio reasoning de-
mands a careful balance of expert count, sparsity,
and capacity, rather than simply scaling any single
dimension in isolation.

4.3.2 Impact of Expert Balance Loss

To isolate the impact of the expert balance loss
(Laux) on expert utilization and downstream perfor-
mance, we evaluate a variant trained without this
auxiliary term (w/o EBL). Table 3 summarizes the
results across MMAU, MMSU, and OBQA.

Method MMAU MMSU OBQA

Ours (w/ EBL) 61.50 38.19 53.85
w/o EBL 63.01 37.37 52.31

Table 3: Ablation on Expert Balance Loss. We report
accuracy (%) on audio reasoning and understanding
benchmarks.

Removing the balance loss yields divergent out-
comes across benchmarks. On semantic reasoning
tasks, the model incorporating EBL consistently
outperforms the ablated counterpart by 0.82 and
1.54 points, respectively. This validates that load
balancing effectively mitigates expert collapse, en-
suring diverse experts are sufficiently trained—a
prerequisite for handling complex semantic reason-
ing grounded in world knowledge.

Conversely, the w/o EBL variant achieves higher
accuracy on MMAU. We attribute this behavior
to the intrinsic heterogeneity of MMAU, which
spans multiple audio modalities (speech, sound,
and music) while being dominated by perceptual
and low-level acoustic patterns in a large portion
of instances. In the absence of explicit load bal-
ancing, the router naturally concentrates updates
on a subset of “dominant experts” that are well
aligned with these frequently occurring perceptual
and low-level acoustic patterns, resulting in im-
proved performance on perception-oriented audio
understanding tasks. However, this concentration
of expert utilization reduces the effective diversity
of experts participating in optimization, which lim-
its the model’s ability to support systematic gener-
alization and higher-level semantic reasoning. This
effect is reflected in the degraded performance ob-
served on MMSU and OBQA, where successful
prediction requires grounding audio inputs in world
knowledge and performing more complex semantic
inference.

In summary, the expert balance loss imposes a
trade-off: it slightly constrains perception-oriented
performance to significantly enhance semantic rea-
soning by ensuring balanced expert utilization. We
next analyze the routing dynamics to elucidate this
mechanism.
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5 Analysis of Expert Specialization and
Optimization Dynamics

The MoE-adapter is motivated by the heteroge-
neous nature of audio data, where different acoustic
patterns and reasoning requirements benefit from
specialized representations. In this section, we ana-
lyze the internal behaviors of the MoE-adapter to
explain its performance gains over dense adapters,
as well as the trade-offs observed when introduc-
ing expert balance regularization. Our analysis
focuses on two complementary aspects: (i) how
routing-based expert specialization emerges across
heterogeneous audio modalities, and (ii) how such
specialization reshapes the optimization dynamics
by mitigating gradient conflicts.

5.1 Effect of Expert Balance on Routing and
Specialization
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Figure 3: Expert Activation Heatmaps. The expert
balance loss prevents collapse, fostering balanced uti-
lization while maintaining modality-aware specializa-
tion. Notably, Sound serves as an “Acoustic Bridge”
sharing experts with both Speech and Music.

To understand how the MoE adapter realizes fea-
ture disentanglement in practice, we analyze expert
activation patterns on the MMAU, where samples
are categorized into Speech, Sound, and Music.
Figure 3 visualizes the token-normalized activation
rates of routable experts, aggregated over forward-
pass routing decisions. This comparison directly re-
lates to the ablation results in Section 4.3.2, where
the model without expert balance loss achieves
higher performance on the heterogeneous MMAU
benchmark. We observe clear expert specialization
across audio modalities. Certain experts are pre-

dominantly activated by a single category, while
others are shared between Sound and either Speech
or Music. Notably, no expert is jointly special-
ized for both Speech and Music. This pattern re-
flects the intrinsic heterogeneity of audio data: al-
though Sound shares low-level acoustic character-
istics with both domains, Speech and Music differ
substantially in temporal structure and semantic
organization. As a result, Sound-centric experts
naturally emerge as an acoustic bridge, enabling
controlled parameter sharing without forcing in-
compatible representations to be jointly optimized.

Importantly, expert balance loss does not sup-
press specialization, but rather regularizes its extent.
Compared to the unbalanced setting, it prevents ex-
treme expert dominance while preserving modality-
aware routing behavior. This regularization intro-
duces a clear trade-off: while stronger expert domi-
nance in the w/o EBL setting can benefit broad and
heterogeneous benchmarks such as MMAU by con-
centrating capacity on a small subset of dominant
experts, it reduces expert diversity and negatively
impacts reasoning-intensive tasks. This emergent
expert decomposition provides concrete evidence
that our design motivation—explicitly accounting
for audio heterogeneity—is well-founded. By al-
lowing modality-aware specialization, the MoE
adapter aligns heterogeneous acoustic inputs into a
representation space that is more compatible with
the underlying language model.

Beyond routing behavior, such specialization
also manifests in the optimization dynamics. In the
following section, we analyze how expert-based
routing mitigates gradient conflicts that commonly
arise when learning from heterogeneous audio
sources.

5.2 Gradient Conflicts and Mitigation
Mechanisms

The adoption of the MoE architecture is pri-
marily motivated by the need to resolve gradi-
ent conflicts—a phenomenon frequently observed
in dense models when learning heterogeneous
tasks. In the context of LALMs, the adapter
must simultaneously encode divergent modalities:
Speech (semantic-dominant) versus Music and
Sound (paralinguistic-dominant). To rigorously
quantify how the proposed MoE Adapter mitigates
these optimization bottlenecks compared to a dense
FFN baseline, we analyze the training dynamics us-
ing two complementary metrics: Gradient Cosine
Similarity and the Gradient Influence Score.
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Gradient Cosine Similarity. To investigate op-
timization interference, we analyze the geometric
alignment of gradient vectors across audio cate-
gories. Specifically, for any two categories i and j,
we compute the pairwise cosine similarity of their
gradients:

Sim(gi, gj) =
gi · gj

∥gi∥∥gj∥
(11)

As illustrated in Figure 4 (Left), the monolithic
adapter exhibits persistent negative similarities
(e.g., −0.020 between Music and Sound), imply-
ing that the optimization direction for one modality
is geometrically opposed to another. This negative
correlation confirms the presence of destructive in-
terference, where minimizing the loss for one task
inadvertently hinders the optimization of others.

Music Sound Speech

Music

Sound

Speech

1.000 -0.020 0.013

-0.020 1.000 0.012

0.013 0.012 1.000

FFN Adapter
(Gradient Conflict)

Music Sound Speech

Music

Sound

Speech

1.000 0.029 0.023

0.029 1.000 0.028

0.023 0.028 1.000

MoE Adapter
(Gradient Synergy)

0.02

0.01

0.00

0.01

0.02

0.03

0.04

0.05

Figure 4: Gradient Cosine Similarity. The dense FFN
adapter (left) exhibits negative correlations between het-
erogeneous audio tasks, whereas the MoE adapter (right)
demonstrates improved gradient alignment, indicating
reduced optimization conflicts.

In contrast, the MoE-Adapter effectively re-
solves these conflicts, as evidenced by the shift
towards positive gradient similarities in Fig-
ure 4 (Right) (e.g., Music-Speech improves to
+0.023). This emergent orthogonality indicates
that the dynamic router successfully decouples the
parameter space, directing conflicting gradients to
distinct experts. This “subspace specialization” en-
ables different experts to capture specific acoustic
features independently, thereby mitigating the os-
cillatory dynamics observed in the baseline.

Gradient Influence Analysis. To move beyond
geometric alignment and measure the causal impact
of a gradient update from one task on the loss of
another, we employ the Influence Score Ii,j . Let θt
denote the current model parameters. We simulate
a hypothetical update using only the gradient from
task j, resulting in θ

(j)
t+1 = θt − λ

∇θLj

∥∇θLj∥ . The
resulting reduction in loss for task i is denoted
as ∆jLi = Li(θt) − Li(θ

(j)
t+1). The normalized
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Figure 5: Gradient Influence Analysis. Values rep-
resent the impact of updating task j (x-axis) on task i
(y-axis). Unlike the FFN baseline (left) which suffers
from harmful interference (negative values), the MoE
adapter (right) promotes constructive transfer (positive
values), effectively mitigating cross-task conflicts.

influence score is given by:

Ii,j = ED

[
∆jLi

∆iLi

]
(12)

where the expectation is taken over the validation
batch. Intuitively, a positive score (Ii,j > 0) indi-
cates constructive synergy (updating on j benefits
i), while a negative score implies destructive inter-
ference.

The results, presented in Figure 5, reveal a sharp
contrast. The Dense Adapter (Left) suffers from
significant negative interference; notably, updates
derived from Speech data actively degrade per-
formance on Music (IMusic,Speech = −0.117) and
Sound. Conversely, the MoE Adapter (Right) ex-
hibits predominantly positive influence scores. For
instance, updates on Speech induce a strong posi-
tive transfer to Sound, while interference on Music
is substantially mitigated. This suggests that the
MoE architecture does not merely isolate conflicts;
by retaining shared experts for common acous-
tic features, it fosters a selective positive transfer
mechanism, allowing the model to leverage com-
monalities between Speech and Sound while insu-
lating the distinct attributes of Music.

6 Conclusion

We introduce the MoE Adapter to resolve gradient
conflicts in LALMs caused by audio heterogene-
ity. By leveraging dynamic expert specialization,
our sparse architecture consistently outperforms
dense baselines across diverse benchmarks while
maintaining comparable latency. Our analysis con-
firms that this mechanism transforms destructive
gradient interference into constructive updates, un-
derscoring the pivotal role of sparsity as a scalable
pathway for future multimodal foundation models.
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7 Limitations

Although the proposed MoE-Adapter demonstrates
superior representational capacity compared to the
dense FFN baseline and effectively mitigates gra-
dient conflicts, this work has limitations regarding
scalability and generalization. First, our evalua-
tions are currently confined to the Qwen3-1.7B
backbone; the universality of our method across
different LLM families and larger parameter scales
(e.g., 70B) remains to be empirically verified. Sec-
ond, we have not explicitly explored the scaling
laws of the sparse routing mechanism with respect
to training data volume, leaving the performance
trajectory of expert specialization under massive-
scale training for future investigation. Finally, we
focus on audio understanding and reasoning tasks,
and have not yet extended the framework to gener-
ative audio applications.
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A Hyperparameter Configuration

To ensure a rigorous evaluation of the architectural
benefits of our proposed method, we conduct a con-
trolled comparison between the Dense FFN Base-
line and the MoE Adapter. We explicitly align the
total parameter budget of both models to approxi-
mately 94M to isolate the gains attributed to sparse
expert specialization. The detailed specifications
are summarized in Table 4.

Common Audio Frontend. Both models uti-
lize an identical frontend configuration to process
acoustic signals. The continuous representations
extracted by the speech encoder (denc = 5, 120)
are projected into the model’s audio hidden space
(dmodel = 2, 560) via a shared Feature Fusion mod-
ule. This module consists of a Layer Normalization
(LN) layer, a linear projection (5, 120 → 2, 560),

Hyperparameter Specification

I. Common Audio Frontend
Speech Encoder Dim 5, 120

Audio Hidden Size d = 2, 560

Feature Fusion LN → Linear5120→d → SiLU →
LN

II. Baseline: Dense FFN Adapter
Architecture Monolithic MLP
Projection Structure LN → MLPd→20480→d

Total Parameters 94.4 M (100% Active)

III. Ours: MoE Adapter
Architecture Sparse Mixture-of-Experts
Expert Config N = 8 (Total), k = 4 (Active)

Expert Structure LN → Expertsd→1280→d

Sum−−→ Out
Gate Network Lineard→8

Aggregation Block LN → MLPd→10240→d

Active Parameters 70.8 M (∼75% of Baseline)

Table 4: Detailed Hyperparameter Configuration.
Both architectures are constrained to the same parameter
budget (≈ 94M). Note that d = 2560 denotes the audio
hidden size.

and a SiLU activation function, followed by a final
LN layer.

Adapter Architecture Specifics. The core di-
vergence lies in the parameter allocation strategy
within the projection block:

• Dense FFN Baseline: This model employs a
monolithic Multi-Layer Perceptron (MLP). To
utilize the full parameter budget, we scale the
intermediate expansion dimension to 20, 480.
Consequently, all 94.4M parameters are active
for every input token.

• MoE Adapter (Ours): We decompose the
dense projection into N = 8 specialized ex-
perts, each with a smaller intermediate dimen-
sion of 1, 280. A learnable gating network
routes tokens to the Top-k = 4 most relevant
experts. Distinctively, we introduce a post-
routing Aggregation Block—an MLP with an
intermediate dimension of 10, 240—to align
the aggregated expert outputs with the LLM’s
embedding space.

Computational Efficiency. As demonstrated in
the statistics section of Table 4, although both ar-
chitectures maintain a consistent storage footprint
(∼ 94.5M), the MoE Adapter significantly reduces
computational overhead. During inference, only
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the routed experts are activated, resulting in an ef-
fective parameter count of 70.8 M. This represents
a ∼ 25% reduction in active parameters compared
to the dense baseline, achieving a superior trade-off
between model capacity and inference latency.
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