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Abstract

Auditory foundation models, including au-
ditory large language models (LLMs), pro-
cess all sound inputs equally, independent of
listener perception. However, human audi-
tory perception is inherently selective: listen-
ers focus on specific speakers while ignor-
ing others in complex auditory scenes. Ex-
isting models do not incorporate this selectiv-
ity, limiting their ability to generate perception-
aligned responses. To address this, we intro-
duce Intention-Informed Auditory Scene Un-
derstanding (II-ASU) and present Auditory
Attention-Driven LLM (AAD-LLM), a proto-
type system that integrates brain signals to infer
listener attention. AAD-LLM extends an au-
ditory LLM by incorporating intracranial elec-
troencephalography (iEEG) recordings to de-
code which speaker a listener is attending to
and refine responses accordingly. The model
first predicts the attended speaker from neural
activity, then conditions response generation
on this inferred attentional state. We evaluate
AAD-LLM on speaker description, speech tran-
scription and extraction, and question answer-
ing in multitalker scenarios, with both objective
and subjective ratings showing improved align-
ment with listener intention. By taking a first
step toward intention-aware auditory Al, this
work explores a new paradigm where listener
perception informs machine listening, paving
the way for future listener-centered auditory
systems. Demo and code available'.

1 Introduction

The human auditory system does not process all
sounds equally but selectively amplifies relevant
elements while suppressing others based on the
listener’s intent (Mesgarani and Chang, 2012). In
a multi-speaker setting, a listener may focus on a
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Task: Speech Extraction

Q: Extract the speaker that I'm listening to.
A:

Task: Speaker Description
Q: Who is the speaker that I'm focusing on?
A: A female speaker with high pitch and low tempo.

Task: Speech Transcription
Q: Transcribe the attended talker.
A: ...l was reading when a playful cat showed up ...

Task: Freeform Question Answering
Q: What is the speaker's attitude toward the cat?
A: Likely amused, as “playful” conveys a positive tone.

Task: Speech Summarization
Q: What was in the background that | missed?
A: A conversation about a new movie.

Figure 1: AAD-LLM is a brain-computer interface
(BCI) for auditory scene understanding. It decodes neu-
ral signals to identify the attended speaker and integrates
this information into a language model, generating re-
sponses that align with the listener’s perceptual focus.

single speaker, tune into background music, or ig-
nore speech entirely (Cherry, 1953; Osgood, 1959;
Shinn-Cunningham and Best, 2008). While mod-
ern auditory foundation models, including auditory
large language models (LLMs), are designed for
general-purpose auditory understanding, they do
not inherently account for listener intent. In appli-
cations such as assistive hearing devices, however,
listener-aware processing is critical. These systems
must prioritize the content most relevant to the
user to improve usability in complex acoustic en-
vironments. Existing models, such as LTU (Gong
et al., 2024), SALMONN (Tang et al., 2024), and
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Qwen2-Audio (Chu et al., 2024), process all in-
coming audio equally, making them ineffective in
scenarios where distinguishing between attended
and unattended speech is essential.

Although these models excel at general auditory
scene understanding (Sakshi et al., 2024; Wang
et al., 2025), they lack mechanisms to selectively
process speech based on listener perception. In
multi-speaker environments, they transcribe and an-
alyze all speech sources indiscriminately, failing to
separate what the user is actually attending to from
background conversations (Wu et al., 2024). To ad-
dress this, a listener-aware auditory Al must move
beyond passive transcription and actively adapt its
processing to reflect user intent.

Studies have shown that the auditory cortex en-
codes speech features from the attended talker
(Mesgarani and Chang, 2012), allowing neural de-
coding methods to reconstruct or enhance the target
speaker by comparing brain signal-derived repre-
sentations with competing speech (O’sullivan et al.,
2015). This line of research, also known as au-
ditory attention decoding (AAD), has sought to
infer a listener’s auditory focus from neural signals.
Both invasive (Han et al., 2019; Ceolini et al., 2020;
Choudhari et al., 2024) and non-invasive methods
(Ciccarelli et al., 2019; Geirnaert et al., 2021; Van-
decappelle et al., 2021; Pan et al., 2024, 2023) have
been explored for attention-controlled speech ex-
traction in hearing devices. However, AAD is pri-
marily used for signal enhancement rather than
guiding an AI’s interpretation of an auditory scene.
While it could improve speech intelligibility, it does
not enable models to reason about the attended con-
tent, such as summarizing speech or answering user
queries based on what they perceive.

Prior studies have attempted to integrate neu-
ral signals into large language models models, in-
corporating neural signals to enhance multimodal
processing. Some efforts have used neural data
for EEG-based text generation (Jiang et al., 2024a;
Kim et al., 2024) or fMRI-informed representa-
tions (Zheng and Sun, 2024), while others have
integrated brain signals to improve LLM semantic
understanding (Toneva and Wehbe, 2019; Moussa
et al., 2025). However, these approaches focus pri-
marily on language comprehension and semantic
alignment, rather than using neural signals to refine
auditory scene interpretation or speaker selection.

This paper introduces Intention-Informed Audi-
tory Scene Understanding (II-ASU), a framework
where models align their interpretation of sound

with listener intent. Instead of modifying the au-
ditory signal like AAD, we integrate attentional
signals into a language model to guide how it pro-
cesses and responds to auditory scenes. This ap-
proach enables reasoning beyond speech separa-
tion, allowing models to adapt responses based on
listener focus rather than treating all input speech
equally. To implement this, we present Auditory
Attention-Driven LLM (AAD-LLM), a prototype
system that extends an auditory LLLM with neural
attention decoding. The model processes intracra-
nial EEG (iEEG) to determine which speaker the
listener is attending to, extracts speech represen-
tations while retaining both attended and ignored
sources for contextual processing, and integrates
the decoded attentional state into the LLM to gen-
erate responses that reflect listener perception.

This work makes several contributions. It in-
troduces II-ASU as a paradigm shift from passive
auditory processing to listener-aligned interpreta-
tion; It proposes AAD-LLM as the first system
to integrate brain signals into an auditory LLM
for attention-driven scene understanding; Finally,
it evaluates AAD-LLM across multiple auditory
tasks, demonstrating improved alignment with lis-
tener perception. While this study focuses on selec-
tive attention, the broader II-ASU framework could
extend to other intent-detection methods, including
gaze tracking, head orientation, posture shifts, or
explicit user input. By incorporating such atten-
tional signals, future intention-aware auditory Al
could dynamically adapt to user perception in a
wide range of applications.

2 Intention-Informed Auditory Scene
Understanding

2.1 Motivation and Goal

Consider the scenario illustrated in Figure 1: both
a human and a machine listener are exposed to the
same auditory scene, denoted as .S. The human
listener applies selective auditory attention forming
an internal representation based on their intent .
When asked a question (), an intention-informed
auditory model, such as AAD-LMM, should gener-
ate an answer A that depends on @, S, and I:

A = MachineListener(Q, S, I) (1)

However, existing auditory LLMs (Gong et al.,
2024; Hu et al., 2024; Chu et al., 2024) are not
intention-informed. They function as:

A° = AuditoryLLM(Q, S) 2)
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without any awareness of what the listener ac-
tually perceives, leading to intention-uninformed
response A°.

In real-world scenarios, the listener intention
manifests in multiple ways—through facial expres-
sions, eye gaze, head direction, verbal commands,
or physical actions—but behavioral data capturing
these cues remains scarce. As the first step towards
intention-informed auditory scene understanding
in LLMs, we focus on the most fundamental yet
unexplored form of auditory intention: selective au-
ditory attention. In this context, I represents the at-
tention of the listener to specific sound source while
ignoring the other. Unlike explicit commands, this
cognitive state is abstract and non-trivial to encode
as input for LLMs. Our challenge, therefore, is
twofold. First, decoding attentional state I from
brain signals Z by extracting neural correlates of
selective attention from intracranial EEG. Second,
aligning the auditory LLM with [ by ensuring that
responses prioritize the attended speaker, rather
than treating all speakers equally.

2.2 Current Models in Auditory Scene
Understanding

Auditory scene understanding (ASU) is a well-
studied problem, starting with knowledge and
statistics-based methods (Ellis, 1996; Wang and
Brown, 2006) to deep neural networks (Kong et al.,
2020; Hsu et al., 2021; Chen et al., 2022b). To-
day, auditory LLMs represent the state-of-the-art
in ASU (Gong et al., 2024; Chu et al., 2023). These
models take both speech and text input and gener-
ate text output. They typically consist of a speech
encoder and a pretrained textual LLM, which are
jointly trained for tasks including speech descrip-
tion, recognition, and Q&A. Qwen2-Audio (Chu
et al., 2024), the current state-of-the-art auditory
LLM on speech understanding benchmarks (Sakshi
et al., 2024; Wang et al., 2025), serves as both a
baseline and the backbone of our proposed AAD-
LLM. As a brief overview, Qwen2-Audio inte-
grates a Whisper (Radford et al., 2023) speech
encoder and a Qwen2 (Yang et al., 2024) LLM.
The acoustic embedding of the speech input en-
coded by Whisper is concatenated with the textual
embedding of the question, and processed together
by Qwen?2 to output an answer.

3 AAD-LLM

We introduce AAD-LLM as a prototype system de-
signed to address the Intention-Informed Auditory

Scene Understanding (II-ASU) problem. AAD-
LLM is a multimodal auditory large language
model (LLM) that takes three distinct inputs: a
textual question (), a speech mixture S, and a lis-
tener’s brain signal Z. The model’s output A is
conditioned on all three inputs:

A = AAD-LLM(Q, S, Z) 3)

As illustrated in Figure 2, AAD-LLM integrates
neural attention decoding with auditory language
processing. Unlike standard auditory models,
AAD-LLM must process acoustic, linguistic and
neural signals simultaneously. This introduces two
key challenges. First, most neural recordings pro-
vide only a few minutes of data per participant,
making it impractical to train a full end-to-end sys-
tem jointly. Second, existing auditory attention
decoding (AAD) methods (Geirnaert et al., 2021)
reconstruct a temporal representation of speech
from neural activity. However, these representa-
tions are continuous, noisy, and not directly com-
patible with discrete token-based LLMs. AAD-
LLM solves these challenges by first extracting a
discrete speaker identity token from brain signals,
and second, using the speaker identity to condition
the LLM’s response generation. By decoupling
brain decoding from language modeling, AAD-
LLM allows intention alignment to be trained inde-
pendently on large-scale speech data, while brain
decoding is trained on limited neural data.

3.1 Intention Decoding

AAD-LLM introduces a speaker-based approach
for decoding auditory attention from intracranial
EEG signals. Instead of reconstructing speech fea-
tures, we classify which speaker the listener is at-
tending to using a discrete token representation.
The process consists of two steps. First, we per-
form speaker clustering by applying K-means clus-
tering to x-vectors (Snyder et al., 2018) extracted
from a large corpus of thousands of speakers, en-
suring no overlap with test speakers. The x-vectors,
commonly used in speaker verification, are 512-
dimensional embeddings, which remain frozen dur-
ing training. The number of clusters K is set to 8.
Next, we perform speaker prediction from neural
signals. A bidirectional LSTM maps the C'-channel
T-length neural signal Z € RE*T to a predicted
cluster index 7 € {0,1,..., K — 1}. The ground-
truth label ¢ is determined by finding the closest
centroid to the attended speaker’s x-vector. Further
details about the model is included in Appendix B.
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Figure 2: AAD-LLM is a multimodal, attention-aware LLM designed for auditory scene understanding. The model
takes three inputs: a textual question, an auditory scene (containing mixed speech sources), and neural signals
representing listener attention. Each input is processed by dedicated modules before being integrated into the LLM.
AAD-LLM decodes auditory attention to determine the attended speaker and prioritizes information from the target
speaker while generating responses. The model is trained to differentiate between attended and ignored speech,
ensuring that its output aligns with the listener’s perceptual focus.

The intention token is represented as a speaker
x-vector centroid © € RP, rather than a discrete
label i, to preserve numerical locality among sim-
ilar speakers. A key advantage of this design is
that intention decoding and intention alignment are
trained separately. The speaker predictor only re-
quires minutes of brain data, whereas the LLM can
be trained on hours of speech data independently.
Furthermore, this approach is modular, allowing
for easy adaptation to new types of physiological
signals (e.g., EEG, fNIRS, eye-gaze) without re-
training the entire system.

3.2 Intention Alignment

Once the listener’s attended speaker identity is de-
coded, the next challenge is to align the auditory
LLM’s response with listener perception. This is
achieved in three steps:

1. Embedding the intention token: The speaker
identity token v (or ¢ during inference) is pro-
jected into the LLM’s embedding space via a linear

speaker projector. It is then concatenated with the
acoustic embeddings from the speech encoder and
the textual embeddings from the question. Given
two candidate speeches, s and so, presented in ran-
dom order, the LLM must determine which one to
prioritize as the foreground and which to relegate to
the background. However, simply embedding the
intention into the LLM’s input does not automati-
cally enable the auditory LLLM for such selective
speech processing. Two more steps are needed:

2. Intention-informed Training: Since real hu-
man attentional data is limited, we simulate atten-
tion during training by randomly assigning one of
two mixed speech sources as the foreground (at-
tended) speaker. We then assign the corresponding
speaker identity token v as the intention input. Fi-
nally, we train the model with intention-aware tasks
such as speaker-focused transcription, selective
speech summarization, and foreground/background
question answering. The solution is derived from
the specific speaker or speech referenced in the
question, whether attended or ignored. Further de-
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Figure 3: (a) Objective evaluation across four tasks. The dotted lines represent the lower bound (Qwen2-Audio
given the mixture sound) and upper bound (Qwen2-Audio given the attended talker as oracle). “Qwen2-Audio
Random” represents the model receiving a randomly selected talker. “AAD-LLM Decoded Attention” represents
our method, where attention is decoded from brain signals, while "AAD-LLM Oracle Attention" represents our
model given the actual attended talker as oracle. (b) Subjective evaluation measuring the alignment between model
outputs and human listeners, who assessed whether the model’s response matched what should have been the answer
for the attended talker. * denotes p < 0.05, ** denotes p < 0.01, *** denotes p < 0.001.

tails are included in Appendix A.

3. Chain-of-Thought Prompting: Empirical ex-
periments revealed that even after training with
intention-aware answers with a large rank (512)
with low-rank approximation method (LoRA) (Hu
et al., 2022), the LLM often ignored the attention
token. To enforce attention usage, we introduce a
structured prompt format adding chain-of-thought
(CoT) (Wei et al., 2022) prefix of this form:

“Attention:<att_spk_label>;
Spk1:<spk1_label>;
Spk2:<spk2_label>;"

This CoT prompting explicitly directs the model to
extract the speaker labels of the input speeches
and the label of the attended speaker, all in
{0,1,..., K — 1}. We compare with the perfor-
mance of AAD-LLM trained without the CoT pre-
fix in Appendix D.6.

3.3 Auxiliary Module

To further enhance speaker differentiation, AAD-
LLM incorporates a speech separator based on
Mamba-TasNet (Jiang et al., 2024d). This mod-
ule pre-processes the speech mixture, outputting

two separated streams s; and sg, which are then
processed by the LLM. Importantly, the speech
separator is intention-uninformed, meaning that it
does not inherently prioritize the attended speaker.
Instead, the LLM must selectively process the cor-
rect speech stream based on brain-decoded atten-
tion signals. We compare with the performance of
AAD-LLM without the separator in Appendix D.6.

3.4 Training Objective

AAD-LLM is trained to generate a response se-
quence O = Cat(CoT, A), combining the CoT
prompt and final answer. Each output token O;
is conditioned on the intention I decoded from the
brain, the two speech inputs s; and s, the question
@, and all preceding tokens O1.;_1. This leads to
the following loss function £ =

N
—Y log P(O; | SP(I), SE(s1), SE(s3), Q, Or:i-1)

=2

where SP and SE represent the speaker projector
and speech encoder, respectively, as illustrated in
Figure 2. Both the speech encoder and the LLM
were finetuned using LoRA. The speech separator
was trained to maximize the signal-to-noise ratio
(SNR) of the separated speeches, and the speaker
predictor was optimized using cross-entropy on
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Table 1: Auditory attention decoding (AAD) accuracy
and target speech extraction (TSE) performance.

Method Accuracy SNR SI-SNR  WER| SIM

Speech Mixture - 0.1 0.1 374 844

Blind Speech Separation (BSS) 50.4 52 -12.3 643  80.6

BSS + Mel reconstruction 92.0 12.0 9.6 152 941

BSS + Envelope reconstruction 88.0 11.2 7.8 204 90.7

Target Speech Extraction 96.0 12.8 10.4 143 948
(Proposed Method) Intention-Informed AAD-LLM

w/ brain-decoded attention 94.4 12.2 10.3 147 941

w/ oracle attention 95.8 123 10.4 13.0 943

w/ additional clinical-15m 97.0 12.6 11.5 114 947

Oracle Speaker (Upper Bound) ‘ 100.0 13.0 12.8 8.8 95.5

ground-truth speaker labels. Additional details on
training and reproducibility are provided in the
Appendix B.

4 [Experiments

We evaluated AAD-LLM using intracranial GEEG)
data with neural signals collected from human lis-
teners as they attended to one conversation while
another interfering conversation and background
noise were present. We present only the key find-
ings in this section (more results can be found in
the appendix, including dataset curation (Appendix
A) and task specification (Appendix C), model im-
plementation (Appendix B), and additional results
(Appendix D) and analyses (Appendix E).

4.1 Datasets

The iEEG Clinical Dataset includes six epilepsy
patients implanted with intracranial electrodes as
part of their medical care for epilepsy surgery.
Electrode placement, clinically determined, con-
sisted of subdural electrocorticography (ECoG)
grids and/or stereo-electroencephalography (sEEG)
depth electrodes. Neural signals were bandpass-
filtered (0.5-30 Hz) and concatenated across partic-
ipants to maximize electrode coverage. The study
was approved by local IRBs, and informed consent
was obtained. Subjects listened to overlapping con-
versations masked with either pedestrian or babble
noise. They attended to one of two simultaneous
conversations, each containing two speakers taking
turns. Conversations were aligned and segmented
into sentences, yielding 280 training, 30 validation,
and 50 testing utterances. To mitigate potential
biases in the LLM’s response to speaker order, we
expanded the test set by training the speaker predic-
tor five times with different random initializations
and reversing speaker order, resulting in 500 test
samples.

The Speech-Only Dataset was collected primar-
ily to train AAD-LLM, which requires significantly

more data than the iEEG dataset. To simulate the
iEEG recording conditions, we mixed two random
speakers from TextrolSpeech (Ji et al., 2024), a
subset of LibriTTS (Zen et al., 2019), with one
background noise sample from DEMAND (Thie-
mann et al., 2013). This resulted in approximately
54,000 (85.3h) training, 1,000 (1.6h) validation,
and 3,000 (4.8h) testing utterances. Notably, there
is no overlap in speakers, spoken content, or back-
ground noise between the iEEG and speech-only
datasets, ensuring no information leakage during
testing. Further details on both datasets are pro-
vided in Appendix A.

4.2 Tasks and Metrics

We trained and evaluated AAD-LLM and other
models on the following tasks and metrics:
Auditory Attention Decoding (AAD) measures
how accurate AAD-LLM identifies the attended
speaker, a crucial step for downstream tasks. We
also evaluated Target Speech Extraction (TSE)
with signal-to-noise ratio (SNR), scale-invariant
signal-to-distortion ratio (SI-SDR) (Le Roux et al.,
2019), word error rate (WER), and speaker similar-
ity (SIM) against the clean attended speech.

We further considered four tasks for both the
foreground (attended) and background (ignored)
speaker or speech, covering different levels of
speech and language processing:

Speaker Description (acoustic) evaluates the ac-
curacy of identifying the gender (G), pitch (P), and
tempo (T) of the target speaker.

Speech Transcription (phonetic & syntactic) mea-
sures transcription quality using word error rate
(WER) and BLEU (Papineni et al., 2002) against
the target speaker’s actual speech.

Speech Summarization (semantic) assesses sum-
mary quality with ROUGE-L (Lin, 2004) and ME-
TEOR (Banerjee and Lavie, 2005), using three
GPT-40 mini (OpenAl, 2024) reference summaries.
The highest-scoring reference is reported.

Free Q&A (semantic & pragmatic) evaluates re-
sponses to questions about the target speech, such
as sentiment analysis, fact-checking, and named
entity recognition. Three questions and reference
answers were generated by GPT-4o0 mini, with per-
formance measured by ROUGE-L and METEOR.

Please refer to Appendix C for specific questions
and metric computation details. While AAD-LLM
was trained exclusively on these five tasks, the ac-
quired attentional state demonstrates transferabil-
ity to other tasks unseen during intention-informed
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Table 2: Intention-informed auditory scene understanding performance when listeners were attending to one of the
two speakers with background noise. A higher number indicates a better performance for all metrics except word
error rate (WER). Full results with more metrics are shown in the Table 5.

Task Description AVG(G. P, T) Transcription WER | Summarization ROUGE-L | METEOR ~ Free Q&A ROUGE-L | METEOR
Model Foreground Background ‘ Foreground Background ‘ Foreground Background ‘ Foreground Background
(Baselines) Auditory LLM without Intention
LTU-AS (Gong et al., 2023) 48.9 522 139.8 172.6 40.2138.9 279131.0 39.0147.4 30.4134.3
SALMONN (Tang et al., 2024) 553 52.0 1454 2253 39.9139.3 36.5135.9 49.4149.2 44.41455
Qwen-Audio (Chu et al., 2023) 36.1 343 82.7 112.8 29.3130.0 2451228 35.1140.1 3091343
WavLLM (Hu et al., 2024) 41.7 37.7 94.7 128.3 35.6134.2 3831384 41.5140.5 40.2138.9
GAMA (Ghosh et al., 2024) 459 48.2 n.a. n.a. 19.0117.1 22.6123.6 24.0128.6 24.5129.5
Qwen2-Audio (Chu et al., 2024) 50.9 40.1 90.1 1247 27.5129.0 1581159 39.9140.4 3491333
(Lower Bound) Random Speaker + Auditory LLM
Qwen2-Audio 49.9 42.5 89.5 106.9 2441242 19.0121.0 40.7142.4 38.3137.0
Qwen2-Audio & 69.3 68.2 71.8 74.6 30.2129.2 29.6127.8 50.0151.9 4491457
(Proposed Baselines) Extracted Speaker + Auditory LLM
Qwen2-Audio 56.2 44.6 53.6 73.2 37.0141.3 2821334 50.8154.2 47.9146.8
Qwen2-Audio & 88.1 71.6 18.5 24.6 54.5153.9 41.0140.5 62.3165.4 58.0160.0
(Upper Bound) Oracle Speaker + Auditory LLM
Qwen2-Audio ¢ | 917 908 | 66 194 | 5971611 46.3147.6 6491680  60.31617
(Proposed Method) Intention-Informed AAD-LLM

w/ brain-decoded attention 89.3 89.0 14.4 332 58.3156.9 4231425 63.1164.6 57.9159.1
w/ oracle attention 89.9 90.4 12.5 33.9 59.7158.5 4271432 63.0164.8 58.1159.2
w/ additional clinical-15m 89.2 92.3 6.0 22.5 60.9159.7 44.9145.6 63.2165.1 59.3160.2

Table 3: Percentages of responses closer (measured by
the metrics in parentheses) to the target speaker than to
the other one, across different tasks for AAD-LLM with
brain-decoded attention.

Task ‘ Foreground ‘ Background
Description (AVG(G, P. T)) 83.8 922
Transcription (WER) 94.2 90.4
Summarization (ROUGE-L) 92.0 85.4
Free Q&A (ROUGE-L) 96.9 90.9

training, such as Speech Translation. Please check
Appendix D.1 and Table 6 for more information.

4.3 Results

We present the performance of AAD-LLM and
other models on the iEEG clinical dataset. Re-
sults on the speech-only dataset are provided in
Appendix D.3. By default, AAD-LLM, except for
the speaker predictor, was trained on the speech-
only dataset, which differs in both speakers and
content from the iEEG dataset. Additionally, we re-
port results for AAD-LLM trained with an extra 15
minutes of in-domain clinical data (“clinical-15m”).
In all tables and figures, “brain-decoded attention”
represents the realistic BCI use case, where the
speaker predictor infers the attended speaker label
from neural signals. “Oracle attention” serves as an
upper bound, using the ground-truth speaker label
from the dataset.

4.3.1 Objective Evaluation

Objective metrics are reported in Table 1 for
AADA&TSE tasks and Table 2 for all other tasks. A

baseline for all tasks is evaluating the speech mix-
ture or a randomly selected speech (first six rows
and the lower bound in Table 2). These models,
which lack attentional state, include blind speech
separation and existing auditory LLMs. Their per-
formance is close to random guessing for both fore-
ground and background speech understanding.

Additionally, we compared AAD-LLM with
standard auditory attention decoding (AAD) meth-
ods designed to separate the attended talker. We
reproduced conventional AAD approaches that re-
construct the Mel spectrogram or speech envelope
from brain activity to identify the attended speaker
by similarity (O’Sullivan et al., 2017; Han et al.,
2019; Geirnaert et al., 2021). We also implemented
an ad-hoc target speech extractor similar to (Ce-
olini et al., 2020; Pan et al., 2024, 2023), optimiz-
ing SNR with the same speaker decoding method.
While our model slightly underperforms the target
speech extractor, it surpasses standard AAD meth-
ods and outperforms the extractor when trained
with an additional 15 minutes of clinical data.

For other speech tasks, AAD-LLM outperforms
all intention-uninformed auditory LLMs and a cas-
caded speech extractor and Qwen2-Audio (fine-
tuned on the same data) on most metrics, particu-
larly in transcription and summarization of the at-
tended speaker. Notably, AAD-LLM with decoded
attention performs close to the “oracle speaker” set-
ting, where the target speaker is provided directly.
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Table 4: Mean Opinion Scores (MOS) for Foreground
Summarization and Free Q&A tasks. “Oracle speaker”
serves the performance upper bound.

Model Summarization Free Q&A
Qwen2-Audio 221 (+£144) 3.17(£1.62)
Random Speaker + Qwen2-Audio (& 241 (£ 1.55) 3.04 (£ 1.70)
Oracle Speaker + Qwen2-Audio ) 398 (£ 0.96) 4.41(+0.95)
AAD-LLM w/ brain-decoded attention | 3.69 (£ 1.17) 4.25 (£ 1.13)
AAD-LLM w/ oracle attention 372 (£ 1.13) 424 (£ 1.15)

4.3.2 Psychophysics Evaluation

Subjective ratings were collected from 40 partici-
pants in psychophysics experiments replicating the
auditory scenes with the same attended speakers
as done in the clinical setting. Participants rated
responses from five models for Summarization and
Free Q&A tasks, presented in random order, us-
ing a 5-point Likert scale. The evaluated models
included AAD-LLM with brain-decoded and ora-
cle attention, and Qwen2-Audio finetuned on sin-
gle sources assessed with either a random speaker
(lower bound) or the oracle speaker (upper bound).
Average ratings are shown in Figure 3 and Table 4.
Kruskal-Wallis H tests revealed significant differ-
ences in ratings between the groups for both Sum-
marization and Free Q&A tasks (p-values < 0.001).
These tests were then followed up with post-hoc
pairwise Bonferroni-corrected Mann-Whitney U
tests. The results of these tests show that AAD-
LLM’s responses were rated significantly higher
than those from the mixture and random speaker
baselines across both the tasks. While mean per-
formance increased from brain-decoded to oracle
attention with ground-truth speaker labels, this im-
provement was not statistically significant, indi-
cating that the neural decoding is close to its best
capacity. Furthermore, both AAD-LLM models
(brain-decoded and oracle attention) approach the
“oracle speaker” upper bound, suggesting that AAD-
LLM’s responses closely mirror human perception.
Please see Appendix F for more details on the eval-
uation methods, Tables 12 and 13 for p-values.

4.3.3 Attention Validation

To ensure AAD-LLM’s performance improvement
stems from its attentional state rather than generat-
ing balanced responses for both speakers, we con-
ducted additional analyses. Specifically, we mea-
sured the percentage of responses closer to the tar-
get speaker than the other for both foreground and

!Asterisks indicate significance levels: * p<0.05, **

p<0.01, *** p<0.001, and ‘ns’ denotes non-significant re-
sults (p=>0.05).

background speakers across all tasks. As shown
in Table 3, over 80% to 90% of responses aligned
more with the target speaker, confirming AAD-
LLM’s effectiveness in speaker selection.

Additionally, we observed that AAD-LLM
achieved similar performance in Free Q&A tasks
when using brain-decoded attention or oracle atten-
tion (Figure 3 and Table 2). Also, the Free Q&A
accuracy (96.9%, Table 3) surpassed the extrac-
tion accuracy (94.4%, Table 1). These results sug-
gest that AAD-LLM might infer the target speaker
based on question content rather than attentional
state, especially when speakers discuss different
topics. To address this, we designed a more chal-
lenging evaluation by replacing the background
speech with another speech on a similar topic that
could yield a different answer. In these conditions,
AAD-LLM still achieved a ROUGE-L score of
62.0 and a METEOR score of 64.2 (Table 7), only
slightly lower than the original scores (63.1 and
64.6), demonstrating that AAD-LLM effectively
relies on attentional state to filter out the distracting
speaker. More details about attention validation
are included in Appendix D.2, with other results in
Appendix D and analyses in Appendix E.

5 Conclusion

This work introduces intention-informed auditory
scene understanding (II-ASU) as a new paradigm
for aligning machine listening with human per-
ception. We present AAD-LLM, a prototype sys-
tem that integrates brain signals into an auditory
large language model (LLM) to decode listener
attention and generate responses that align with
human perception. Experimental results demon-
strate that incorporating attentional state improves
model performance across multiple auditory tasks,
including speaker description, speech transcription,
and freeform question answering. Beyond improv-
ing speech-processing capabilities, this work rep-
resents an early step toward listener-centered au-
ditory AIl, where models do not merely process
sound passively but interpret auditory scenes based
on what the listener perceives, which has implica-
tions for assistive hearing technologies, adaptive
voice assistants, and human-computer interaction.
AAD-LLM lays the groundwork for future systems
that process sound in alignment with human cogni-
tive and perceptual priorities.
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Limitations

Several limitations and challenges remain. While
attention is a fundamental aspect of auditory in-
tent, future work should explore broader cognitive
signals, including task goals, semantic relevance,
and perceived emotional significance of the scene.
AAD-LLM also relies on intracranial EEG, which
limits its current practical use, although invasive
neural recordings are increasingly used more in var-
ious speech brain computer interfaces (BCI) (Ak-
bari et al., 2019; Moses et al., 2021; Metzger et al.,
2023; Willett et al., 2023). While non-invasive neu-
ral recording methods such as EEG or fNIRS is
desired, they presents challenges in signal quality
which limits their applicability. Finally, our ex-
periments focus on controlled two-speaker scenar-
ios, whereas real-world auditory scenes are more
complex, involving multiple speakers and environ-
mental noise. Expanding to these settings requires
further neural data collection and improved adapta-
tion techniques.

Ethical Statement

The development of AAD-LLM introduces excit-
ing new possibilities for auditory scene understand-
ing by integrating brain signals to align machine
listening with human perception. This innovation
has the potential to enhance communication for
individuals with hearing impairments, improve vir-
tual assistants, and advance human-computer inter-
action. While the model only decodes the attended
speaker without accessing sensitive cognitive infor-
mation, we need to remain vigilant about privacy
by implementing robust safeguards and ensuring
responsible data handling practices.

Within this study, approval of all ethical and ex-
perimental procedures and protocols was granted
by the university’s Institutional Review Board
(IRB). The iEEG participants provided informed
consent as per the local IRB regulations (IRB pro-
tocol number AAAD5482). The human raters eval-
uating model outputs also provided informed con-
sent (IRB protocol number AAARS8655).
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A Dataset Details

We curated two datasets for this work. The first
is a clinical dataset collected in a hospital setting
from epilepsy patients with implanted intracranial
electrodes. This dataset includes both neural and
speech signals and was used to train the speaker
predictor and evaluate AAD-LLM. The second is
a synthetic speech-only dataset generated using
publicly available speech and noise corpora, which
was primarily used to train the AAD-LLM.

A.1 Clinical Dataset

This study involved six human participants, re-
cruited from three medical centers: two from
North Shore University Hospital (NSUH), two
from Columbia University Irving Medical Center
(CUIMC), and two from NYU Langone Health.
All participants were undergoing clinical treatment
for epilepsy and were implanted with intracranial
electrodes for monitoring.

Figure 4: Electrode coverage across subjects in the clin-
ical dataset, with each subject represented by a different
color.

Each participant had electrode implants tailored
to their clinical needs. Some participants were im-
planted with both subdural electrocorticography
(ECoG) grids and stereo-electroencephalography
(sEEG) depth electrodes, while others had only
SEEG depth electrodes. Electrode coverage across
subjects in the clinical dataset can be seen in Fig-
ure 4, with each subject represented by a different
color.

Neural recordings were bandpass-filtered to ex-
tract low-frequency components in the 0.5-30 Hz
range. Electrodes that were visually identified
as disconnected from anatomical tissues were ex-
cluded from the analysis. To maximize brain cov-
erage, electrode recordings from each participant
were concatenated.

All participants listened to 28 trials, with the
average duration of 44.2 s (standard deviation =
2.0 s) each. The trials consisted of two concurrent
and independent conversations that were equally
loud and spatially separated. Diotic background
noise (either “pedestrian” or “speech babble”) was
also mixed along with the conversations at power
either 9 or 12 dB below the power of a conversation
stream. The subjects were instructed to follow
(attend to) the conversation that started first. The
to-be-unattended conversation started 3 seconds
later. The trials were spatialized using head-related
transfer functions (HRTFs) and delivered to the
subjects via earphones.

The talkers in both the conversations intention-
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ally repeated words. To ensure that the participants
tracked the target conversation, they were asked to
press a button whenever they heard repeats in the
target conversation. All participants were able to
track the repeated words in the cued target conver-
sation.

A.2 Speech-Only Dataset

The speech-only dataset was constructed using
speech utterances from the train-clean-100 and
train-clean-360 subsets of LibriTTS? (Zen et al.,
2019) along with noise samples from the DE-
MAND? (Thiemann et al., 2013). We filtered out
utterances shorter than 0.5 seconds or longer than
15 seconds and randomly combined two speech ut-
terances of similar duration but different speakers
with one of 18 environmental noise types, such as
park, office, and metro station. The speech sources
were normalized to have equal energy and then
mixed with background noise at SNR levels of 9 or
12 dB. This process aimed to replicate the auditory
conditions of the clinical dataset while introducing
a more diverse set of speakers and noise types to
enhance model generalizability.

In total, we generated 57,963 speeches-and-
noise mixtures of 1146 speakers, which were ran-
domly split into 53,963 (85.3 hours) for training,
1,000 (1.6 hours) for validation, and 3,000 (4.8
hours) for testing. The speech-only dataset has a
distinct set of speakers and sentences from the clin-
ical dataset. The validation and testing set were pri-
marily used for model development and in-domain
evaluation.

The gender of each speaker and the transcription
of the speech were obtained from the LibriTTS
corpus. Additionally, we retrieved the “pitch” and
“tempo” labels for the LibriTTS utterances from
TextrolSpeech* (Ji et al., 2024). Both pitch and
tempo were quantized into three levels. For pitch,
utterances with a fundamental frequency below
136.6 Hz were labeled as “low”, above 196.1 Hz
as “high”, and those in between as “normal”. For
tempo, utterances with an average speaking rate
slower than 0.39 seconds per word were labeled as
“low”, faster than 0.25 seconds per word as “high”,
and those in between as “normal”. We applied
these same pitch and tempo thresholds to annotate
speech utterances in the clinical dataset, serving as

LibriTTS: https://openslr.org/60
SDEMAND: https://www.kaggle.com/datasets
/chrisfilo/demand

the ground-truth labels for the speaker description
task.

B Model and Training Details

B.1 Auditory Large Language Model

AAD-LLM adopts the backbone of Qwen2-Audio
(Chu et al., 2024). The pretrained checkpoint
Qwen2-Audio-7B-Instruct is publicly available’.
We further finetuned both the LLM and the speech
encoder on the speech-only dataset using low-rank
approximation, LoRA (Hu et al., 2022), on the key,
query, and value matrices of attention layers and
the weight matrices of multilayer perceptrons. We
used a rank of 512, an o of 512, and a dropout
of 0.05 by default, which adds around 16.5% of
trainable parameters.

We added a special token <ATT> as the place-
holder for the listener’s attention (speaker vector).
In reality, <ATT> is <lextra_124I> from Qwen2-
Audio’s reserved special token sets. Then, the en-
tire input to the LLM looks like the following:

system: You are a helpful
assistant.

user: Attention: <ATT>

Audio 1: <speechl1>

Audio 2: <speech2>

Question: <question>

Solution:

<solution>

<att_spk_label>, <spkl_label>, and
<spk2_label> are ground-truth labels of the
attended speaker, the first input speaker, and the
second input speaker. All are integers from 0O to
K-1, with K=8 by default. (<att_spk_label> #
<ATT>. The former is an integer; The latter is the
projected speaker vector.) The tokens of pink and
red parts corresponding to the chain-of-thought
prefix and the actual solution were optimized. The
maximum number of allowed tokens is 1024.
Speaker Projector is a linear layer from 512 to
4096, from the dimension of x-vector to the dimen-
sion of the LLM. It was optimized jointly with the
audio encoder and the LLM. The projected speaker
vector replaces the embedding at the <ATT> token.

SQwen2-Audio: https://huggingface.co

*TextrolSpeech: https://github.com/jishengpeng/TextrolSpeech /Qwen/Qwen2-Audio-7B-Instruct
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Table 5: Intention-informed auditory scene understanding performance in the clinical testing set when listeners
were attending to one of the two speakers with background noise. A higher number indicates a better performance
for all metrics except word error rate (WER). This is the full version of Table 2.

Task Description G | P |1 Transcription WER| | BLEU ~ Summarization ROUGE-L | METEOR | BERT ~ Free Q&A ROUGE-L | METEOR | BERT

Model Foreground Background ‘ Foreground Background ‘ Foreground Background ‘ Foreground Background

(Baselines) Auditory LLM without Intention
LTU-AS (Gong et al., 2023) 82.6138.4125.8 76.6144.0136.0 | 139.8144.8 172.617.3 | 40.2138.9189.7 27.9131.0187.0 39.0147.4189.9 30.4134.3188.0
SALMONN (Tang et al., 2024) | 82.0128.0156.0 80.0132.0144.0 | 1454132.6 225.3115.6 | 39.9139.3188.9 36.5135.9188.4 49.4149.2191.4 4441455186.8
Qwen-Audio (Chuet al., 2023) | 61.2133.2114.0 58.8136.018.0 | 8271263 112.819.6 |29.3130.0187.5 24.5122.8186.6 35.1140.1189.0 30913431874
WavLLM (Hu et al., 2024) 41.4134.6149.2 45612741402 | 9471248 1283179 | 35613421888 38.3138.4189.0 41.5140.5190.1 40.2138.9189.7
GAMA (Ghosh et al., 2024) 64.4134.6138.6 61.8137.6145.2 n.a. n.a. 19.0117.1185.1 22.6123.6185.7 24.0128.6187.2 24.5129.5186.8
Qwen2-Audio (Chu et al., 2024) | 78.6137.0137.0 67.6138.8114.0 | 90.1130.5 124.7111.1 | 27.5129.0187.3 15.8115.9185.4 39.9140.4190.0 34.9133.3188.6
(Lower Bound) Random Speaker + Auditory LLM
Qwen2-Audio 78.2136.6134.8 73.4139.01152 | 89.5133.3 106.9131.2 | 24.4124.2186.8 19.0121.0185.9 40.7142.4190.0 38.3137.0189.3
Qwen2-Audio ¢ 81.8165.2160.8 79.0163.4162.2 | 71.8133.0 74.6133.7 | 30.2129.2188.9 29.6127.8188.0 50.0151.9191.6  44.9145.7190.3
(Proposed Baseline) Extracted Speaker + Auditory LLM
Qwen2-Audio 91.4141.2136.2 85213381148 | 53.6157.1 73.2160.3 | 37.0141.3189.4 28.2133.4187.7 50.8154.2191.7 47.9146.8190.5
Qwen2-Audio ¢ 100.0188.6175.8 954159.8177.6 | 185173.0 24.6166.2 | 54.5153.9193.4 41.0140.5189.7 62.3165.4193.6 58.0160.0192.5
(Upper Bound) Oracle Speaker + Auditory LLM
Qwen2-Audio ¢ ‘ 100.0195.0180.2 97.0194.0181.4 ‘ 6.6186.3 19.4170.2 ‘ 59.7161.1194.3 46.3147.6190.7 ‘ 64.9168.0194.1 60.3161.7193.1
(Proposed Method) Intention-Informed AAD-LLM

w/ brain-decoded attention 98.6193.6175.6 98.6192.2176.2 | 144178.6  33.2158.7 | 58.3156.9193.6 42.3142.5189.9 63.1164.6193.9 57.9159.1192.6
w/ oracle attention 99.8193.41764 99.6194.2177.4 | 12.5180.0 33.9160.0 | 59.7158.5193.8 42.7143.2190.1 63.0164.8193.9 58.1159.2192.6
w/ additional Clinical-15m 99.6187.8180.2  99.2199.0178.8 6.01859 2251692 | 60.9159.7194.2 44.9145.6190.8 63.2165.1193.9 59.3160.2192.9

We trained the model using an AdamW opti-
mizer (Loshchilov and Hutter, 2019) with a learn-
ing rate of 1 x 10™%, scheduled with a cosine decay
and a warmup ratio of 10% of total steps. The
model was trained for 20 epochs using a batch size
of 1 and gradient accumulation steps of 8 for an
effective batch size of 8. Mixed precision training
with bf16 is enabled to optimize memory usage and
training speed. The total training took around 4.5
days in an NVIDIA L40 GPU.

We trained all ablation models and baseline
Qwen2-Audio on a single speaker with the exact
same training configuration.

B.2 Speaker Clusters

K=8 speaker clusters were obtained by K-Means.
We randomly sampled 10,000 utterances of 1137
speakers from LibriTTS and extracted their x-
vectors using a pretrained speaker verification
model. The x-vector extractor® has an output di-
mension of 512 and was kept frozen. Please see
the right subfigure of Figure 5 for the distribution
of 10,000 x-vectors colored by the nearest cluster.

B.3 Speaker Predictor

The speaker predictor classifies the neural signal
Z into one of K = 8 discrete speaker labels. The
predictor consists of a bidirectional recurrent neural
network (RNN) followed by a temporal pooling
layer and a fully connected classification head.

STDNN for x-vector extraction: https://huggingface.co
/speechbrain/spkrec-xvect-voxceleb

Before passing the neural signals into the re-
current layer, layer normalization is applied. The
recurrent module is a bidirectional long short-term
memory (LSTM) network with a hidden state size
of S = 64, resulting in an output dimension of
25 = 128 due to bidirectionality. The LSTM out-
put is processed by a mean pooling layer, followed
by a fully connected layer with 128 hidden units
and a final softmax activation for classification.

We trained the predictor on 280 samples with
aligned neural and speech signals in the clinical
training set. We obtained the ground-truth speaker
label from the speech signal. The predictor was
then optimized by cross-entropy loss, with the pre-
dicted speaker labels against ground-truth labels.
We optimized the predictor with an Adam opti-
mizer of a constant learning rate of 1 x 104, with
a batch size of 1, for a total of 30 epochs, which
took fewer than 10 minutes on an GPU.

B.4 Speech Separator

The speech separator reproduces Mamba-TasNet
(M) (Jiang et al., 2024c,d) which has a linear wave-
form encoder & decoder and 32 Mamba (Gu and
Dao, 2024) layers with a dimension of 256. The
model is tiny (15.6M parameters) and intention-
uninformed. It was trained separately on the
speech-only dataset. The model was trained us-
ing an Adam optimizer (Kingma and Ba, 2015)
with a learning rate of 2 x 104, A cosine learn-
ing rate schedule with 20,000 warmup steps and a
ReduceLLROnPlateau scheduler was applied, halv-
ing the learning rate if performance plateaus after
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30 epochs. The model was trained for 50 epochs
with a batch size of 4 and gradient clipping set to
5. Mixed precision training with bf16 is enabled
for efficiency. The training was conducted on an
NVIDIA L40 GPU.

The target speech extractor, as the baseline
model in Tables 1 and 2, matches the speech sep-
arator in both the number of Mamba layers and
the dimension, ensuring comparable acoustic pro-
cessing capabilities. To condition the extractor on
the speaker, we fused the acoustic features with
the speaker vector following the approach in (Jiang
et al., 2024b). The extractor was trained on the
same data with an identical training configuration.

C Tasks, Prompts, and Metrics

C.1 Questions and Solutions

We wrote eight different questions for each task ex-
cept Free Q&A, for which GPT-40 mini generates
three questions and reference solutions uniquely
for each utterance.

Here are three example questions for foreground
speaker description:

Q1: "Describe the attended speaker.”
Q2: "Please write a description of
the attended speaker.”

Q3: "Can you identify the person the
subject is listening to?”

The solution to the description question is for-
matted as:

A: "A <gender_label> speaker
with <pitch_label> pitch
and <tempo_label> tempo."

LR N3

The pitch and tempo labels are “low”,
or “high” (Appendix A.2).

Here are three example questions for background
speech summarization:

normal”,

Q1: "What is the background speaker
talking about?”,

Q2: "Can you summarize the speech
of the speaker being ignored?”,

Q3: "What topic is the background
speaker discussing?”,

We gave GPT-40 mini the transcription of the
speech to generate three candidate summaries as
the solutions.

In each training epoch, a random question from
a random speaker was sampled for every utterance.

C.2 Free Q&A Generation

Three pairs of freeform questions and answers were
generated for either speaker of each utterance with
the following prompt to GPT-40 mini:

"You are listening to a conversation.

One speaker said: "<transcription>"
Raise 3 questions and provide an answer for
each one of them. Be short. Don't use any
information outside the speech.

Answer in this format:

Question 1: . Answer 1:
Question 1: . Answer 2:
Question 1: . Answer 2: "

Here are three example pairs of free Q%A ques-
tions and solutions from three different utterances
and speakers:

Q1: "How might the description affect the
mood of the conversation?”

A1: "It may create a sense of confusion
or disorientation due to the winding
nature of the street.”

Q2: "Why are they referred to as

'The Flying Stars'"

A2: "Because they've been stolen

so often.”

Q3: "What is the name of the establishment
mentioned?”

A3: "The name of the establishment
mentioned is the Royal Oak.”

C.3 Evaluation Details

Most of the evaluation metrics were computed by
Huggingface’s Evaluate package’. In particular:

bleu_metric = evaluate.load("bleu")

rouge_metric = evaluate.load("rouge")

meteor_metric = evaluate.load("meteor”)

bert_metric = evaluate.load(
"bertscore”, lang='en'

)

Prior to computing these metrics, we applied text
preprocessing steps to ensure a fair comparison,
particularly benefiting the baseline models. The
preprocessing included:

* Remove common prefixes like “The attended
speaking is discussing about” and “Spoken
text: 7.

* Apply BasicTextNormalizer®.

"https://huggingface.co/docs/evaluate
8from transformers.models.whisper.english_normalizer
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Table 6: AAD-LLM'’s attentional state can be trans-
ferred to other tasks unseen in intention-informed train-
ing, such as speech translation.

Task Translation BLEU | METEOR

Model Foreground  Background
Qwen2-Audio 41.0128.6 3421234
Random Speaker + Qwen2-Audio & 40.5126.5 22.119.8
Oracle Speaker + Qwen2-Audio ) 66.8157.5 5191434

AAD-LLM w/ brain-decoded attention ‘ 61.8153.8 45.5135.1

* For speech translation (English—Chinese),
9

apply jieba tokenizer on Chinese”.

Additionally, for the target speech extraction task
(Table 1), the word error rate (WER) was computed
by speech recognition model Whisper (Radford
et al., 2023) (whisper-large-v3'?) and the speaker
similarity SIM was computed by WavLM (Chen
et al., 2022a) (wavlm-base-plus-sv'!) for speaker
verification.

For the speaker description task (Table 2), since
baseline pretraind models were not trained to out-
put all of the gender, pitch, and tempo in one re-
sponse, we evaluated them separately as three sim-
pler tasks. We also informed the models of the
pitch and tempo cutoff corresponding to “low”,
“normal”, and “high” in the question.

D Additional Results

D.1 Evaluation on Untrained Task: Speech
Translation

We further investigated if the selective processing
ability of the foreground or the background speech
was restricted to the tasks AAD-LLM was trained
on or if this attentional state could generalize to
new tasks. To test this, we evaluated the English-to-
Chinese speech translation performance of AAD-
LLM after intention-informed training on other
tasks. The results, presented in Table 6, were com-
pared against oracle Chinese transcriptions gener-
ated by GPT-40 (Achiam et al., 2023) from the
corresponding English speech.

The results show that AAD-LLM significantly
outperforms Qwen2-Audio on both speech mix-
tures and random speakers, while approaching
the upper bound set by Qwen2-Audio with ora-
cle speakers—a pattern consistent with the results
observed in the tasks on which AAD-LLM was
trained. This suggests that auditory attention is a

9https://github.com/fxsjy/jieba

https://huggingface.co/openai/whisper-large-v3
hitps://huggingface.co/microsoft/wavim-base-plus-sv

Table 7: Free Q&A on same-topic speech mixtures.
Both foreground and background speech can be used to
answer the question, so auditory attention to the correct
speaker is necessary to answer the question correctly.

Free Q&A
Model

‘ ROUGE-L | METEOR | BERT

Qwen2-Audio 41.6144.1190.3

Random Speaker + Qwen2-Audio & 499151.4191.9
Oracle Speaker + Qwen2-Audio ¢ 65.4168.3194.2
AAD-LLM w/ brain-decoded attention 62.0164.2193.7

generalizable capability that can be successfully
transferred to other tasks without further training.

D.2 Evaluation on Speakers Talking About
the Same Topic

The performance deviation on Free Q&A tasks is
closer across models with and without attention
compared to other tasks (Table 2). This suggests
a possibility that some questions can be answered
solely based on the content of the question and the
two candidate speech inputs by selecting the only
speech that is related to the question without the
need to decode the listener’s attention. To verify
that AAD-LLM genuinely relies on attention rather
than cheating on content, we designed a more chal-
lenging Free Q&A testing set.

We replaced the background speech in the clin-
ical testing set with another speech on the same
topic but providing a different answer to the ques-
tion than the foreground speech. The content of
the replacement is generated by GPT-40 (Achiam
et al., 2023) with the following prompt:

Foreground Speech: "<transcription>"
Question: "<question>"
Solution: "<solution>"

I want to test whether a QA system can
distinguish between the foreground and
background speakers. According to the
foreground speech, the question, and
the solution given, I want you to come
up with a background speech in words.
The background speech can also answer
the sentence, but the solution should
be different or even opposite. Try to
have roughly the same number of words
as the foreground speech.

Give me the sentence of the background
speech directly. No explanation is needed.
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Table 8: Offline evaluation on speech-only data. One of the two speaker is randomly designated as the foreground

and the other as the background.

Task Description G [P |1 Transcription WER| | BLEU ~ Summarization ROUGE-L | METEOR | BERT ~ Free Q&A ROUGE-L | METEOR | BERT
Model Foreground Background ‘ Foreground  Background Foreground Background ‘ Foreground Background
(Baselines) Auditory LLM without Intention

LTU-AS (Gong et al., 2023) 73.7147.1126.7 73.1146.5128.1 | 148.0126.3 15431269 | 19.5121.6185.8 17.6119.2185.4 33.1137.8188.5 32.6136.9188.4

SALMONN (Tang et al., 2024) | 73.2133.5171.4 76.5134.6171.5 | 122.1125.5 11851274 | 16.4118.0184.8 154116.8184.6 44.5146.5190.1 43.61455189.9

Qwen-Audio (Chu et al., 2023) | 48.2137.518.5 47.6137.619.0 | 96.0118.5 98.1119.5 | 17.5118.1185.1 17.8116.4185.1 31413631875 30.7135.5187.5

WavLLM (Hu et al., 2024) 53.6131.91535 54.0133.7151.2 | 844121.0 828120.7 | 20.6119.4186.1 19.4118.9185.9 39.7138.1189.2  39.1137.4189.1

GAMA (Ghosh et al., 2024) 60.2132.6152.9 58.8134.5150.5 n.a. n.a. 17.4115.2184.7 18.6116.9184.8 23.8128.5186.8 23.4127.9186.7

Qwen2-Audio (Chu et al., 2024) | 71.9134.4159.7 74.3134.2140.1 | 81.0125.7 8041279 | 18.5120.4185.5 17.4118.9185.3 41.5142.4189.6 40.2141.3189.4
(Lower Bound) Random Speaker + Auditory LLM

Qwen2-Audio & ‘ 759163.4173.1 72.6163.1173.8 ‘ 56.81452  57.7145.2 ‘ 27412571883 28412691878 ‘ 47.1148.3190.7 46.9148.3190.7

(Proposed Baselines) Extracted Speaker + Auditory LLM
Qwen2-Audio ¢ ‘ 99.1189.5187.4 95.4182.7184.6 ‘ 1401823  14.3182.1 ‘ 44.1142.7191.2 41.8141.6190.3 ‘ 51515291916 51.2152.7191.6
(Upper Bound) Oracle Speaker + Auditory LLM

Qwen2-Audio & ‘ 99.7194.6191.6  96.4191.7190.0 ‘ 1.9194.8 2.2194.6 ‘ 49.7149.0192.2 45.61459191.0 ‘ 65.9167.91942 64.9167.3194.0
(Proposed Method) Intention-Informed AAD-LLM

w/ oracle attention [99.4190.9188.0 99.51922187.7 [ 1061863 10.8186.1 [46.41452191.6 46314541915 [64.21657193.8 63.1165.0193.7

Table 9: Ablations of AAD-LLM.

Description (GIPIT)

Task
AAD-LLM

Transcription (WER| | BLEU) ~Summarization (ROUGE-L | METEOR | BERT) Free Q&A (ROUGE-L | METEOR | BERT)

Attended Unattended ‘ Attended Unattended ‘ Attended Unattended ‘ Attended Unattended
Rank of LoRA
r=32 95.2180.8171.6 97.0174.2175.6 | 20.7173.3 33.4160.1 55.3153.5192.7 40.1140.4189.6 62.7164.9193.7 56.6158.8192.5
r=128 ‘ 97.6183.0177.6 98.0182.2180.8 ‘ 16.3175.0 34.0159.6 ‘ 57.1156.5193.4 43.8144.2190.4 ‘ 62216451937 58.0160.4192.7
Necessity of Components
without CoT 97.8186.8172.0 98.8179.2158.8 | 3491652 100.6115.8 38.3137.0190.2 25.6124.8187.6 63.8164.8193.9 59.0159.7192.8
without Separation ‘ 99.2177.6161.6 99.2183.0170.4 ‘ 41.8150.9 73.7129.0 40.5138.9190.6 29.2127.8187.8 ‘ 59.6161.3193.1 53.2154.2191.7
Types of Features and Numbers of Cluster for Attention Decoding
xvect-4 96.2187.2171.8 96.2188.2174.8 | 37.0160.8 57.7147.6 46.3145.2191.6 34.7134.4188.9 64.51663194.1 58.9160.7192.8
xvect-16 97.01842167.0 97.4187.0176.8 | 31.5165.7 43.0153.1 51214991922 38.7138.7189.6 61.016291935 57215921924
xvect-32 94.61822170.0 93.8183.8171.2 | 33.4166.8 48.1150.8 50.5149.6192.3 36.7136.1189.4 62416421937 58616131926
style-8 93.0172.41702 94417821722 | 44.4156.6 51.6146.7 46.0144.6191.2 32.1131.7188.5 62616491937 582160.3192.6
random-8 79.6164.4161.8 83.2167.0168.6 | 63.1143.6  74.8130.7 36.3134.5189.6 28.8127.9188.1 63.7166.0194.0 57.2159.0192.5
Default: r=512, with CoT and Separation, xvect-8, without in-domain data
AAD-LLM 98.6193.6175.6 98.6192.2176.2 ‘ 14.4178.6 33.2158.7 58.3156.9193.6 42314251899 63.1164.6193.9 57.9159.1192.6

Then, we synthesized one of four speakers (two
females and two males) by KokoroTTS 12 2 human-
level text-to-speech model based on StyleTTS 2’s
architecture (Li et al., 2023), given the generated
text. We then mixed the new background speech
with the original foreground speech and the back-
ground noise. We asked the same question again
on this same-topic dataset. The results are shown
in Table 7, averaged across four new speakers.

In this more challenging dataset with more dis-
traction in the spoken content, AAD-LLM still
achieved a ROUGE-L score of 62.0 and a ME-
TEOR score of 64.2, only slightly below the origi-
nal scores of 63.1 and 64.6. This means that AAD-
LLM is using its attentional state to filter out the
distracting speaker rather than using the content.

D.3 Evaluation on Speech-only Dataset

We also evaluated AAD-LLM on a speech-only
dataset (LibriTTS and DEMAND mixtures) de-
scribed in Appendix A.2. One of the two speak-

Phttps://huggingface.co/hexgrad/Kokoro-82M; The four
speakers are ‘“af bella”, “af_sarah”, “am_adam”, and
“am_michael”.

ers was randomly designated as the foreground,
and models were tested on speaker description,
speech transcription, speech summarization, and
free Q&A. We used oracle attention (ground truth
labels) for evaluation since the brain signal is not
available for this dataset.

AAD-LLM achieved high classification accu-
racy in speaker description (99.4% gender, 90.9%
pitch, 88.0% tempo), outperforming Qwen2-Audio
and other baseline models. In transcription, AAD-
LLM significantly lowered the WER to 10.6% com-
pared to Qwen2-Audio’s 81.0%. Summarization
results showed a ROUGE-L score of 46.4, exceed-
ing baseline models. In Q&A, AAD-LLM achieved
a ROUGE-L of 64.2 and METEOR of 65.7, sur-
passing Qwen2-Audio’s 41.5 and 42.4.

The performance of AAD-LLM on the speech-
only dataset is comparable to that of the clinical
dataset. The model consistently outperformed other
auditory LLMs, demonstrating its advantage in pro-
cessing multi-speaker scenarios. These findings
also highlight AAD-LLM’s potential as an effective
offline system for non-BCI applications, provided
the x-vector of the target speaker is known.
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Figure 5: t-SNE visualization of x-vectors after K-Means clustering (K=8). The left plot (clinical dataset, 280
sentences) shows distinct clusters for eight speakers. The right plot (speech-only dataset, 10,000 sentences) reveals
two main clusters for male and female speakers. Colors indicate K-means clustering with eight groups.

D.4 Impact of Background Noise Types

The clinical test set contains speech mixtures un-
der two distinct background noises: babble and
pedestrian. The performance with respect to the
noise type is shown in Table 10. Transcription er-
ror (WER) and summarization quality (ROUGE-L
& METEOR) are consistently better under babble
noise compared to pedestrian noise. These results
suggest that pedestrian noise, characterized by un-
predictable acoustic dynamics, presents greater dif-
ficulty for the AAD-LLM, slightly degrading the
recognition of attended speech and subsequent re-
sponse generation.

D.5 Impact of Window Size on Correct
Speaker Selection

We also examined how varying the window size
affects speaker selection accuracy, particularly in
dynamic attention scenarios, with our speaker
decoding method. The results, detailed in Fig-
ure ??, demonstrate a clear trade-off: shorter win-
dows offer rapid responsiveness but lower accuracy,
whereas longer windows significantly improve de-
coding reliability at the expense of increased la-
tency. These insights suggest the importance of
adaptive strategies for window sizing tailored to
specific real-time application demands.

T
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T
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Accuracy (%)

T
|
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| | |
01 02 05 1 2 4 8
Window Size (s)

Figure 6: Speaker selection accuracy as a function of
window size.

D.6 Ablations

To better understand the contributions of different
components and design choices in AAD-LLM, we
conduct an ablation study with results presented in
Table 9. We investigate the impact of the LoRA
rank, the necessity of core components, and the
type and clustering of features used for attention
decoding.a

LoRA Rank: We trained the model with smaller
ranks of 32 or 128. Increasing the rank from 32
to 512 improves performance in nearly all tasks,
particularly for transcription and summarization.
Core Components: Removing Chain-of-thought
prompt significantly degrades performance, with
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Table 10: Performance across noise types.

Description Description Transcription Transcription
Foreground Background Foreground WER Background WER
AVG (G,P,T) AVG (G,P,T) 4 |

NoiseType

Foreground
ROUGE-L /METEOR ROUGE-L /METEOR ROUGE-L /METEOR ROUGE-L /METEOR

ization ization Free Q&A
Backgroun Foreground

Free Q&A
Background

Babble 87.1 86.5 10.7 29.0
Pedestrian 91.1 91.1 17.6 36.7

59.5/56.5
5751572

44.8 /43.6
41.2/41.8

65.5 /68.4
61.1 /61.4

63.1 /63.5
53.6 /554

WER increasing from 14.4 to 34.9 and ROUGE-L
for summarization dropping from 58.3 to 38.3. Re-
moving the separator also degrades performance,
increasing WER to 41.8 and reducing summariza-
tion ROUGE-L to 40.5. These highlight the crucial
role of both components.

Feature Type and Clustering: We found that us-
ing 8 clusters of x-vectors yielded the best perfor-
mance on our dataset. Fewer clusters made speaker
label prediction easier but often caused the fore-
ground and background speakers to share the same
label, making it impossible for the model to distin-
guish between them. On the other hand, increasing
the number of clusters made speaker label predic-
tion more challenging, uniformly degrading down-
stream task performance. We also tested alternative
speaker representations, including speaking style
vectors from the StyleTTS 2 (Li et al., 2023) text-to-
speech model and random vectors from a randomly
initialized x-vector extractor, but both performed
significantly worse than our chosen x-vectors.

E Analysis
E.1 Speaker X-vectors and Labels

AAD-LLM utilizes x-vectors to generate speaker
identity features for speech clustering. These fea-
tures enable the creation of comparable speaker
profiles and help the model group speakers based
on their acoustic similarity. The distribution of x-
vectors, visualized using t-SNE (van der Maaten
and Hinton, 2008), is shown in Figure 5, with the
clinical dataset on the left and the speech-only
dataset on the right.

In the clinical dataset, there are a total of 280 sen-
tences, with colors representing different speakers.
The clusters corresponding to sentences from the
eight speakers are clearly distinguishable, demon-
strating the effectiveness of x-vectors in speaker
separation. In the speech-only dataset, which
contains 10,000 sentences, two distinct clusters
emerge, corresponding to male and female speak-
ers. The plot is color-coded based on K-means
clustering with eight clusters, which are evenly dis-
tributed between the two genders.

In addition to x-vectors, Style vectors from

Table 11: AAD-LLM can attend to the correct speaker
in case the speaker label prediction is wrong, but the
predicted speaker centroid is still closer to the attended
than to the unattended speaker. The results correspond
to the speakers in the left part of Figure 7.

Predicted Label
0

Prediction | Extraction Transcription

“American American Movies.”

“American American Movies.”
“The trip lasted ten days.”
“The trip lasted ten days.”

“American American Movies.”

“American American Movies.”
“The trip lasted ten days.”
“The trip lasted ten days.”

3| 3| 3| 3| x| N x|

ESIR-NRUA TS RV N
ASRRIR IR NENE IR

StyleTTS2 (Li et al., 2023) were also evaluated
for their ability to differentiate speakers, as shown
in Table 9. However, since x-vectors provided the
best performance for intention decoding, they were
selected for the final model.

E.2 Wrong Predicted Speaker Label but
Correct Decoded Speaker

There are two related classification tasks and ac-
curacies for AAD-LLM. One is the speaker label
prediction task and the prediction accuracy, which
is 78.4% averaged across five runs in the clinical
testing set. The other one is the auditory attention
decoding (AAD) task and the AAD / speech extrac-
tion accuracy, which is 94.4% averaged across five
runs (Table 1).

The difference in accuracy arises from the dif-
ference in the tasks. The speaker prediction in-
volves classifying one of K=8 possible speaker la-
bels, an intermediate step, whereas the extraction
accuracy reflects the final selection of the attended
speaker—determining which speech signal is ex-
tracted to the listener’s ears. This selection also
impacts the performance of other tasks presented
in Table 2.

The AAD accuracy (94.4%) is typically higher
than the speaker prediction accuracy (78.4%). This
is because we have 8 clusters for two speakers,
and even if the speaker prediction is incorrect, the
wrong cluster centroid may still be closer to the
attended speaker than to the unattended one, even-
tually leading to the correct speaker selection. A
clear example of this is illustrated in the left part of
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Figure 7: In the left figure, the two speakers have distinct voice characteristics, so even with an incorrectly predicted
speaker label, AAD-LLM can still attend to the correct speaker. In contrast, in the right figure, the two speakers
have very similar voice characteristics, making it difficult for AAD-LLM to distinguish between the foreground and
background speakers—even with a correctly predicted speaker label.

Figure 7, where the model incorrectly predicts the
speaker centroid vy instead of the closest centroid
ve. However, vo remains closer to the foreground
speaker than to the background speaker. Addition-
ally, Table 11 shows that AAD-LLM correctly per-
forms foreground speech extraction and transcrip-
tion tasks when using four of the eight speaker
centroids as inputs, as all of these centroids are
positioned closer to the attended speaker than to
the unattended one.

E.3 Failure Cases

AAD-LLM relies on speaker prediction for inten-
tion decoding (Section 3.1), which can become
challenging when multiple speakers share similar
voice characteristics, such as having the same gen-
der and pitch range. If the speakers are evenly
distributed across K speaker clusters, there is a
1/K probability that two distinct speakers will be
assigned the same speaker label, making it impos-
sible for AAD-LLM to distinguish between them.
As a result, there is a 1/2K chance that AAD-LLM
will attend to the incorrect speaker. The right side
of Figure 7 illustrates this scenario, where both
the foreground and background speakers are clos-
est to the same speaker centroid. In this case, the
background speaker is even closer, increasing the
likelihood that AAD-LLM will mistakenly attend
to the wrong speaker.

Increasing the number of clusters can reduce
the likelihood that two speakers will be assigned
to the same cluster. However, this also makes
speaker classification more challenging, as it re-

quires more training data and/or cleaner neural sig-
nals to achieve reliable performance.

F Subjective Evaluation Details

A total of 40 participants were recruited through
Prolific to evaluate model-generated answers. Par-
ticipants were divided into four batches of ten. The
first batch rated responses in the Summarization
task, while batches two through four evaluated re-
sponses in the Free Q&A task. Each participant
completed 50 trials.

In each trial, participants listened to an audio
stimulus containing three components: the target
talker, the non-target talker, and background noise.
The target and non-target talkers were spatially sep-
arated, with one presented in the left ear and the
other in the right ear. Background noise was pre-
sented diotically in both ears. Participants were
instructed to attend to the target talker, which was
indicated by an on-screen arrow. The assignment
of the target talker to the left or right ear was ran-
domized across trials. Participants were allowed to
replay the audio stimulus multiple times.

On the same trial page, participants were pre-
sented with a question alongside five model-
generated responses, each prompted with the same
question. They were asked to rate each response on
a 5-point scale, where 1 = "Very Poor" and 5 = "Ex-
cellent". Responses containing information from
the non-target talker were explicitly instructed to be
rated poorly. The presentation order of the model-
generated answers was randomized to minimize
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Listen to the audio and pay attention to the talker indicated below.

> 0:00/003 W i

h

Rate the quality of answers to the question below.

Question: Can you provide a summary of what the attended speaker is saying?

An swer 1 Answer: Brother will visit occasionally each year.
1 - Very Poor 2 - Poor 3- Fair 4 - Good 5 - Excellent
An Swer 2 Answer: Speaker discusses international travel experience.
1-Very Poor 2 - Poor 3 - Fair 4- Good 5 - Excellent
.
.
.
.
An Swer 5 Answer: Listening to someone speaking about their little brother who probably visit a few times.
1-Very Poor 2- Poor 3- Fair 4-Good 5 - Excellent

Figure 8: A screenshot from the psychcophysics task where human raters were asked to rate answers from different
models (blind and in random order).

bias.

All participants were required to wear stereo
headphones or earphones and passed an initial left-
right channel check to ensure proper perception of
spatial separation of the talkers. The total task du-
ration was approximately 30 minutes, and each par-
ticipant was compensated $10 for their time. Par-
ticipants were native English speakers based in the
United States, aged between 18 and 40, with no re-
ported hearing difficulties or cognitive impairments.
Additionally, all participants had a 100% approval
rating on prior Prolific tasks. A trial screenshot
from the psychophysics task is shown in Figure 8.
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Table 12: Post-hoc pairwise comparisons of human ratings for the Summarization task.

Group 1 Group 2 p-value | Bonferroni p-value | Significance
Oracle Speaker + | Random Speaker sk
Qwen2-Audio | +Qwen2-Audio | 00! <0001
Oracle Speaker + . sk
Qwen2-Audio Qwen2-Audio <0.001 <0.001
AAD-LLM w/
Oracle Speaker + | =y i decoded | <0.001 0.002 o
Qwen2-Audio .
attention
Oracle Speake;r + AAD-LLM 'W/ <0.001 0.006 s
Qwen2-Audio oracle attention
Random Speaker .
+ Qwen2-Audio Qwen2-Audio 0.09 0.99 ns
AAD-LLM w/
Random Speaker | i decoded | <0.001 <0.001 o
+ Qwen2-Audio .
attention
Random Speak.er AAD-LLM .W/ <0.001 <0.001 sk
+ Qwen2-Audio oracle attention
AAD-LLM w/
Qwen2-Audio brain-decoded <0.001 <0.001 kol
attention
Qwen2-Audio AAD-LLM .W/ <0.001 <0.001 oAk
oracle attention
AAD-LLM w/
brain-decoded AAD-LLM .W/ 0.79 1.00 (capped) ns
. oracle attention
attention
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Table 13: Post-hoc pairwise comparisons of human ratings for the Free Q&A task.

Group 1 Group 2 p-value | Bonferroni p-value | Significance
Oracle Speaker + | Random Speaker sk
Qwen2-Audio | +Qwen2-Audio | 0001 <0.001
Oracle Speaker + . sk
Qwen2-Audio Qwen2-Audio <0.001 <0.001
AAD-LLM w/
Oracle Speaker + |y in-decoded | 0.004 0.042 *
Qwen2-Audio .
attention
Oracle Speake;r + AAD-LLM 'W/ 0.002 0.019 «
Qwen2-Audio oracle attention
Random Speaker .
+ Qwen2-Audio Qwen2-Audio 0.037 0.37 ns
AAD-LLM w/
Random Speaker | i decoded | <0.001 <0.001 o
+ Qwen2-Audio .
attention
Random Speak.er AAD-LLM .W/ <0.001 <0.001 sk
+ Qwen2-Audio oracle attention
AAD-LLM w/
Qwen2-Audio brain-decoded <0.001 <0.001 kol
attention
Qwen2-Audio AAD-LLM .W/ <0.001 <0.001 oAk
oracle attention
AAD-LLM w/
brain-decoded AAD-LLM .W/ 0.80 1.00 (capped) ns
. oracle attention
attention
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