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I have a 
question!

Hmm, someone 
over there asked
a question...

Where's my phone? 
Could you call it for me?

Ah,
it's in my bag!

Figure 1. Audio-Visual Spatial Reasoning. (Left) A phone rings out of sight inside a bag; although the sound’s semantic cue (“ring tone”)
is present, spatial reasoning is required to locate the true source among visually silent objects. (Right) In a classroom, several students
share the same semantic cue (“speech”), so the teacher must rely on spatial audio to identify which student asked the question. These
examples illustrate that accurate audio-visual understanding demands not only semantic alignment but also spatial comprehension.

Abstract

Many audio-visual learning methods have focused on align-
ing audio and visual information, either through semantic
or temporal correspondence. However, most of these works
have utilized monaural audio, which does not contain in-
formation about the spatial location of the sound source. In
contrast, humans and other animals utilize binaural hear-
ing to perceive this spatial information. Combining spatial
sound and visual perception enables powerful high-level
reasoning: for example, a person looking for their phone
may hear the ringing sound coming from a backpack sitting
on a table, and quickly infer that the missing phone is in-
side the backpack. In this paper, we investigate the problem
of Audio-Visual Spatial Reasoning. We design a spatial
audio-visual question answering dataset to cover scenar-
ios where semantic correspondence between audio and vi-
sual signals is absent but spatial alignment exists, as well as
cases with multiple audio-visual semantic correspondences
that require spatial reasoning to disambiguate. We propose
a model that learns spatial comprehension across the audio
and vision modalities by connecting them with a large lan-
guage model and experimentally demonstrate that spatial
sound perception is an essential part of our task.

1. Introduction

We live in a world full of sights and sounds, naturally asso-
ciating what we hear with what we see. Several cues help
us connect the two, such as the visual appearance and au-
dible characteristics of an object, the synchronization be-
tween an action or event and its corresponding sound, and
the direction from which the sound arrives, through bin-
aural hearing. We rely on these audio-visual cues to lo-
cate a missing mobile device, or to know when an emer-
gency vehicle is approaching as we are driving. This nat-
ural ability to connect auditory and visual information has
motivated advancements in audio-visual machine learning,
such as sound source localization (object detection based
on audio queries) [8, 22, 24, 28, 30, 31, 34], source sep-
aration [3, 15–17, 49, 50, 52], and audio-visual synchro-
nization [7, 13, 33]. However, most of these studies, which
commonly use monaural audio, focus on the semantic cor-
respondence between a sound and the visual appearance of
the object that made the sound, or the audio-visual temporal
alignment between an event and the sound it creates. These
past approaches often overlook spatial cues that provide in-
formation about where a sound is coming from.

Binaural audio becomes essential when semantic match-
ing is ambiguous or misleading. Figure 1 illustrates two



scenarios where spatial reasoning is necessary. For in-
stance, understanding that a ringtone is emanating from a
backpack requires spatial reasoning, as the backpack does
not semantically match the sound. Another example is
when a single sound (e.g., speech) could correspond to mul-
tiple visual objects (e.g., several students in a classroom),
where spatial cues help pinpoint the actual source. These
examples highlight limitations of previous methods, empha-
sizing need to address spatial reasoning beyond semantics.

Previous studies in spatial audio reasoning have primar-
ily focused on audio-only approaches, excluding visual in-
formation while incorporating language as a modality for
spatial interpretation. [14] aligns audio and text embed-
dings for spatial tasks, while [56] leverages large language
models for spatial audio question answering. While spatial
audio itself provides rich information for spatial reasoning,
integrating visual information into these tasks is a natural
extension, as visual signals inherently convey spatial con-
text. This combination not only enhances spatial perception
and localization capabilities, but also enables more sophis-
ticated spatial reasoning, such as handling scenarios involv-
ing sounding sources and nearby visual objects.

In this paper, we address the problem of Audio-Visual
Spatial Reasoning, which involves understanding the spa-
tial relationship between a sound and the visual context.
This task goes beyond simply perceiving and localizing a
sound source, as it requires reasoning about spatial cues
to infer relationships and interactions between objects. To
support research on this problem, we construct a large-
scale dataset of 1 million question-answer pairs, specifi-
cally designed to serve as both the training and evalua-
tion set for spatial audio-visual reasoning in diverse sce-
narios. The vision and spatial audio is rendered using
SoundSpaces 2.0 [5], with source audio clips sampled
from VGGSound[6]. 3D objects associated with these
sounds are generated using Stable Diffusion 3[36] and In-
stantMesh [53], and then are placed within the virtual en-
vironments. This dataset serves as a comprehensive bench-
mark for spatially intricate settings, providing questions that
assess spatial alignment between modalities, relative loca-
tions between sounding and non-sounding objects, and lo-
calization of sound sources among multiple visual objects
of the same category as the query audio.

Furthermore, we propose a multi-modal framework,
Hear You Are LLM, which leverages spatial audio and vi-
sual encoders to integrate spatial information. The model is
trained to handle all the spatial reasoning tasks from our
dataset, enabling it to address scenarios where semantic
alignment alone is insufficient. We experimentally demon-
strate that our proposed method effectively addresses the
audio-visual spatial reasoning problem, outperforming ex-
isting baseline models including a state-of-the-art monau-
ral sound source localization method [43, 44] and a large

language model-based audio-visual model that lacks spatial
understanding. These results highlight the importance of
incorporating spatial audio-visual knowledge to achieve ro-
bust multi-modal reasoning. To summarize, our main con-
tributions are as follows:

• We define a new task, audio-visual spatial reasoning,
focusing on understanding spatial relationships between
sound and visual context, going beyond semantic percep-
tion such as sound source localization (object detection
based on audio queries) and audio-visual segmentation.

• We propose Hear You Are LLM, a multi-modal model-
ing framework that integrates spatial audio and visual en-
coders with a large language model to handle complex
spatial reasoning tasks.

• We construct Hear You Are QA, the first large-scale
dataset specifically designed for audio-visual spatial rea-
soning, consisting of 1 million question-answer pairs
across spatial scenarios for training and evaluation. We
will open source both the dataset and the training code.

2. Related Works

2.1. Audio-Visual Sound Source Localization
Audio-visual sound source localization is the task of de-
tecting the object or area that corresponds to the query
audio in the visual scene. Following the development of
deep learning, Senocak et al. [39, 40] suggested a semantic
alignment-based approach by proposing a cross-modal at-
tention mechanism with contrastive learning. The field has
advanced in the direction of better cross-modal alignment
by leveraging negative-free self-supervised learning [46],
intra-modality similarity learning [47], weakly supervised
learning [42], the use of speech [37], and the use of multi-
ple positive learning [41, 43], aligning with representation
learning methods. However, these methods rely on monau-
ral audio and are limited to audio-visual semantic corre-
spondence without spatial understanding.

Different approaches have focused more on spatial au-
dio for sound source localization. He et al. [21] proposed
a 3D sound source localization method trained on a dataset
with four-channel audio and multi-view visual scenes syn-
thesized using SoundSpaces 2.0. Their approach localizes
sound within the visual scene, but the visual counterpart of
the sound is not visible in their setting, as they only lo-
calize the area of the sound source. Shimada et al. [45]
constructed an audio-visual sound localization and detec-
tion dataset in which audio-visual alignment is guaranteed.
In their framework, the visual signal serves as an auxil-
iary modality to improve sound localization. In contrast,
we present an audio-visual scene that includes both sound-
producing and silent objects, allowing the model to learn a
broader range of spatial reasoning tasks that require contex-
tual understanding beyond basic localization.



2.2. Spatial Audio Reasoning
Following recent advancements in audio understanding [1,
19, 25] and reasoning [20, 38], several approaches have
been proposed to address spatial audio reasoning. [56] syn-
thesize the spatial sound question answering dataset with
the SoundSpaces 2.0 simulator and train a spatial audio en-
coder and a large language model for spatial audio under-
standing and reasoning. This framework handles tasks such
as sound event detection, direction and distance estimation,
and spatial reasoning, for example, “What is the sound on
the left side of the sound of the dog barking?” Another
line of research explores spatial audio reasoning through
contrastive language-audio pretraining, with synthetic first-
order ambisonics [14]. However, these approaches do not
incorporate the vision modality, which opens another di-
mension for reasoning.

2.3. Audio-Visual LLMs
Inspired by the advancements of Large Language Mod-
els (LLMs), recent studies have extended these mod-
els to Multimodal Large Language Models (MLLMs) to
tackle a wider range of multimodal tasks. In the audio-
visual domain, GroundingGPT [27] introduces multimodal
grounding for audio, image, and video data using LLMs.
Meerkat [11] aligns audio-visual features using optimal
transport and attention consistency, and CAT [55] ag-
gregates question-related clues in audio-visual scenarios.
From a benchmarking standpoint, AVHBench, AVTRUST-
BENCH, and AV-Odyssey Bench [12, 18, 48] provide
comprehensive benchmarks targeting hallucination detec-
tion [48], reliability and robustness [12], and both foun-
dational capabilities and high-level reasoning [18]. While
recent studies have advanced multimodal learning, they pri-
marily rely on monaural audio, limiting their ability to han-
dle spatial reasoning. As spatial reasoning enables a broader
range of tasks and more closely reflects real-world scenar-
ios, it must be addressed to achieve comprehensive audio-
visual understanding. Recently, Chen et al. [9] introduce a
3D spatial reasoning benchmark with spatial audio. How-
ever, disambiguation in complex audio-visual scenes re-
mains underexplored. We propose a new dataset and model
specifically designed for spatial reasoning and disambigua-
tion in audio-visual tasks.

3. Creation of Hear You Are QA Dataset

Our goal is to train a model to learn both semantic and spa-
tial reasoning, for audio-visual inputs. To this end, we in-
troduce the Hear You Are QA Dataset. Constructing large-
scale audio-visual scene data with real-world spatial audio
is time-consuming and challenging, requiring specialized
equipment such as ambisonic or dummy head microphones.
To efficiently build a diverse dataset with various objects

Figure 2. Image sample from Hear You Are QA dataset.
The dataset consists of diverse indoor scenes captured in 360°
panoramic views, featuring various object arrangements and pro-
viding a comprehensive range of spatial contexts for analysis.

and sound events, we adopt a simulation-based approach to
generate both the scenes and spatial audio.
Spatial Audio Simulator. We employ the SoundSpaces
2.0 simulator [5], which renders geometry-based acoustics,
adding realistic reverberation for any source–receiver pair.
Users can freely vary wall materials, object properties, and
microphone-array geometry, letting us create a rich, con-
trollable dataset while retaining exact ground-truth parame-
ters, e.g., every source’s 3D position and orientation. Scene
meshes come from Matterport3D [2], a collection of 90
fully scanned buildings averaging 24.5 rooms across 2.61
floors and 517.34 m² of floor space. We use 72 scenes for
training, 9 for validation and 9 for testing. Given a source
location, monaural signal, receiver position, and heading,
the observed signal is obtained by convolving the monau-
ral signal with the environment’s room impulse response.
We configure the receiver to record a binaural audio signal
with the default Head Related Transfer Function (HRTF)
provided by SoundSpaces2.0.
Sound Sources. Previous spatial audio datasets include ei-
ther a limited number of class categories [45] or classes that
are not guaranteed to be visually observable [21, 56]. To
construct a large-scale audio-visual dataset, we adopt VG-
GSound [6], which contains 200,000 in-the-wild 10-second
YouTube clips, each annotated with one of 309 audio event
classes. However, some of these classes correspond to
events that typically occur outdoors or are difficult to as-
sociate with a single visual object (e.g., “Airplane Flyby”,
“People Marching”). To enhance the visual reliability and
realism of our dataset, we manually exclude categories typ-
ically occur outdoors, or are visually ambiguous. We follow
the original testing splits provided by VGGSound, and cre-
ate a validation set of the same size as the testing set by
sampling clips from the VGGSound training split.
Visual Objects. Due to the limited number of sound-
emitting categories in existing 3D object datasets, we gen-
erate our own 3D objects to be placed within the Matter-
port3D environments, either as sounding objects or as dis-
tractor objects. Specifically, we first select 150 class cate-
gories from VGGSound and 40 from ImageNet, and gener-
ate 2D images for each category using Stable Diffusion 3.
After manually filtering out low-quality generations, we se-



Table 1. Spatial audio visual question types and base templates.

Q1. Spatial Correspondence
Q: What is the sound class category? Where is the sound coming from?
A: phone ringing; cupboard

Q2-4. Relative Location (Distance, Direction, Angle)
Q: Is the sound source of the siren closer to the agent than it is to the cat?
A: Yes
Q: Can you estimate the distance from the accordion sound to the dog,
and the relative location of the accordion from the dog?
A: right; behind; upper; 2.3 m
Q: Can you estimate the distance from the accordion sound to the dog,
and the angle between the agent’s gaze directions toward the accordion
and the dog?
A: 30; 10; 2.3 m

Q5. Spatial & Semantic Correspondence
(One visual object semantically matches the audio)

Q: What is the object in the scene located at (−30, −12), 2.549 m?
Is it making a sound?
A: bird squawking; making sound

Q6. Spatial & Semantic Correspondence
(Multiple visual objects semantically match the audio)

Q: What is the object in the scene located at (150, −14), 1.735 m?
Is it making a sound?
A: canary calling; making sound

Q7. Spatial & Semantic Correspondence
(One visual object semantically matches the audio)

Q: Given multiple visual objects, which one is making a sound,
and where is it located?
A: bird squawking; −30; −12; 2.549 m

Q8. Spatial & Semantic Correspondence
(Multiple visual objects semantically match the audio)

Q: Could you determine the sound class category,
and which object of that category in the scene is making the sound?
A: canary calling; 150; −14; 1.735 m

Q9. Semantic Co-occurrence
Q: What is the sound class category? Is the sound source visible in the scene?
A: cat; not visible

lect 40 visually plausible images per category. These 2D
images are then lifted into 3D objects using the method
from [53]. For each sounding object category, we reserve
32 images for training, 4 for validation and 4 for testing.
Audio-Visual Scene Construction. Each audio-visual
scene consists of a 360◦ panoramic image as Figure 2 and
corresponding binaural audio. We stitch 18 images, each
with a horizontal FoV of 20 degrees as in [4], to form a
360◦ view. The final image resolution is set to 224×812,
and the center of the image is aligned with the front-facing
direction of the observing agent in SoundSpaces 2.0.

We inject the aforementioned sound source and 3D ob-
jects into random locations within the scene, excluding
placements where objects are occluded by walls or located
in a different room. Each scene includes one sound source.
The sound source, depending on the question scenario, is
assigned to either a semantically matching object from a
VGGSound category, a random object from a different cat-
egory (VGGSound or ImageNet), or a random empty loca-
tion within the scene.

One potential concern is that rendering artifacts, such
as visible seams between injected objects and the original
scene, could serve as shortcuts for the model. To mitigate
this and increase the visual complexity of the scene, we ran-

domly insert up to three random objects sampled from cat-
egories distinct from the main visual objects in the scene.
Crafting Questions. We manually defined nine different
“base” questions that require spatial audio-visual under-
standing, summarized in Table 1. When filling a question
template, we use handcrafted rules to automatically popu-
late the missing fields in the question and answer using the
scene construction parameters. The questions cover four
main categories: spatial correspondence (Q1), relative lo-
cation (Q2, Q3, Q4), spatial and semantic correspondence
(Q5, Q6, Q7, Q8), and semantic co-occurrence (Q9).
Spatial Correspondence questions aim to evaluate whether
the model can correctly associate an audio signal with its
spatially aligned visual source. To assess the model’s ro-
bustness, we include counterfactual examples in which se-
mantically mismatched visual objects and sounds (e.g., a pi-
ano and dog barking) are placed at the same location. This
setting discourages reliance on semantic priors and encour-
ages the model to learn true spatial correspondence between
audio and visual modalities without hallucination. Relative
Location questions assess the model’s ability to understand
the spatial relationship between audio and visual informa-
tion. These include determining whether a sound source
is located to the left, right, front, or behind the agent, as
well as reasoning about vertical position (e.g., above or be-
low), angular direction, and relative distance with respect to
a visual reference. Spatial and Semantic Correspondence
questions evaluate whether the model can jointly associate
the correct object class (semantic) and its location (spatial)
based on the audio signal. Semantic Co-occurrence ques-
tions focus on learning spatial audio understanding regard-
less of whether the corresponding visual object is explicitly
visible, encouraging the model not to solely rely on an ob-
ject’s appearance. To diversify the question set and improve
naturalness, we utilize ChatGPT-4o to paraphrase each base
question into multiple human-like variations.

4. Method

We aim to construct a model that can answer the questions
in our proposed dataset by leveraging both visual and spatial
audio inputs. To this end, we design and train a multi-modal
large language model with both visual and binaural audio
inputs. The overall architecture is illustrated in Figure 3.

Audio and Visual Encoders with Projector. Given an im-
age v and its corresponding audio a, our backbone networks
extract features from each modality. The vision encoder
fv processes a panoramic image frame and outputs a se-
quence of spatially aligned visual tokens, v ∈ RNv×Cv ,
where Nv is the number of visual tokens and Cv is the fea-
ture dimension of each token. We preserve the full spatial
layout of patch tokens without pooling. The audio encoder
fa takes the input spectrogram of a and produces a set of
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Figure 3. The pipeline of our framework: feature extraction, projection, and multimodal reasoning. We extract spatial audio and visual
features using pre-trained encoders, project them into a shared embedding space, and integrate the embeddings with the question embedding
to generate the answer.

audio tokens, a ∈ RNa×Ca , where Na is the number of au-
dio tokens and Ca is the corresponding feature dimension.
Each modality-specific encoder is followed by a projector
that maps the extracted features into the hidden dimension
of the language model. The visual projector attends to the
spatial visual features to generate NV projected tokens, and
the audio projector similarly produces NA tokens from the
audio features. These projected tokens are then passed to
the large language model for multi-modal reasoning.

Large Language Model. To bridge the audio and visual
encoders, we utilize a large language model that takes as
input the projected audio and image tokens along with the
embedded question text. During fine-tuning, the model is
optimized to generate the correct answer based on the given
question and the corresponding multimodal inputs. Train-
ing is performed using the standard language modeling ob-
jective function that maximizes the likelihood of the target
sequence using a cross-entropy loss applied at each token
position.

Warm Start of the Encoders. To ensure the effectiveness
of each modality-specific representation, the audio and vi-
sual encoders, along with their respective projectors, are
pretrained in a unimodal setting using a large language
model. We utilize the panorama image and binaural au-
dio from our dataset and construct two types of auxiliary
questions for each modality: classification and localization
tasks. For the visual encoder, the classification task involves
identifying visual objects at specific coordinates, phrased
as “What visual objects did you detect at ({azimuth},
{elevation}), {distance} meters?”, and the local-
ization task asks for the predicted azimuth, elevation, and
distance to a specified object class, stated as “What are the
predicted azimuth and elevation angles, and the distance to
the {class category}?”. The audio encoder is trained
with analogous tasks: the classification task asks “What
sound did you detect?”, while the localization task prompts

for spatial coordinates of the sound source with the ques-
tion “What are the predicted azimuth and elevation angles,
and the distance to the sound source?”. The visual encoder
adopts a progressive training scheme, first focusing on clas-
sification to learn semantic representations and then incor-
porating spatial grounding through a combined classifica-
tion and localization task. The audio encoder is trained on
both tasks jointly from the beginning.

5. Experiments
5.1. Implementation Details

Image Encoder fv . We use a SigLIP2 [51] vision en-
coder with the NaFLEX setting, which supports flexible im-
age resolutions and aspect ratios. The encoder processes a
panoramic image and outputs a sequence of patch tokens.
We apply LoRA [23] to fine-tune the patch embedding and
attention layers of the encoder during both the uni-modal
training and the audio-visual end-to-end training.

Audio Encoder fa. We use the pretrained Spatial-AST bin-
aural audio encoder from [56]. The model takes binaural
audio spectrograms as input and generates a sequence of
audio tokens that preserve spatial acoustic cues. The en-
coder was pretrained using the same audio event classifica-
tion and localization tasks proposed in [56]. This encoder
is kept frozen throughout the entire training process.

Modality-specific Projectors and Large Language
Model. We adopt the Q-Former architecture as the projec-
tor for both modalities. The audio-side projector is based on
the implementation and pretrained weights from BAT [56],
while the visual-side projector is adapted from BLIP-2 [26],
using only the first two attention layers and their corre-
sponding pretrained weights. The number of query tokens
is set to N1 = 64 for audio and N2 = 128 for vision. All
projector parameters are fully trainable. We adopt Qwen2-
7B-Instruct [54] as our LLM backbone.



Table 2. Evaluation of baseline models on sound source localization that requires spatial understanding. R, B, M, Q refer to RGB
Image, Binaural Audio, Monaural Audio, and Question (Text) in this table.

Method Modality Q1 (class) Q1 (aligned) Q1 (non-matching) Q7 (class) Q7 (DoA) Q8 (class) Q8 (DoA)

Question Only Q 3.50 3.00 2.44 2.56 7.89 0.78 7.61

ISSL [43, 44] R+M 26.97 28.83 12.94 28.46 23.18 26.94 21.0
ACL-SSL [32] R+M 40.56 32.83 10.61 40.41 30.68 41.11 24.33
VideoLLaMA2 [10] R+M+Q 51.01 77.44 50.75 70.88 68.57 75.33 46.37
Ours R+B+Q 52.69 77.61 61.67 75.44 73.21 70.27 64.27

Table 3. Uni-modal performance of Audio and Vision. Detec-
tion accuracy is denoted as Det., mean angular error as Ang., the
proportion of samples with angular error greater than 30° as Ang.
> 30, and mean distance error in meters as Dist.

Modality Det. Ang. (°) Ang. > 30 Dist. (m)

Audio 0.575 38.01 0.289 0.476
Vision 0.633 26.89 0.161 0.332

Training Setup and Input Preprocessing. Inputs to our
model consist of a single 224 × 812 panoramic image and
a 10-second audio binaural waveform sampled at 32 kHz.
We preprocess the image input following [51] and the audio
input following [56]. Our full model is trained for 3 epochs
on 8 A5000 GPUs with an effective batch size of 128, using
a LoRA rank of 16 for the image encoder and LLM back-
bone. The training takes three days. Additional training
details are provided in the supplementary material.

Warm-start Performance. Table 3 shows the uni-modal
performance of the audio and visual encoders after warm-
start pretraining. Both modalities achieve solid individ-
ual results, demonstrating that each encoder learns effective
modality-specific representations. These results serve as a
reference for the subsequent multi-modal experiments.

Baselines. Since no existing method directly addresses
our proposed task, we introduce three baselines adapted
from related domains. The first two baselines are audio-
visual sound source localization approaches. Specifically,
we adopt the framework proposed in [43, 44], which has
demonstrated strong performance on synthetic benchmarks
and exhibits robustness with multiple visual objects. [32]
learns audio-driven embeddings compatible with the text
encoder of CLIP[35] and leverages the CLIP-based segmen-
tation network [29] to achieve tight localization results. Al-
though they do not handle language understanding, we eval-
uate them using cross-modal retrieval and localization met-
rics. Implementation details are provided in the supplemen-
tary material. The third baseline is the VideoLLaMA2[10],
multi-modal large language model (MLLM), the closest
prior work to ours in terms of multimodal reasoning. For
a fair comparison, we replace its original vision and au-

dio encoders with the same encoders used in our method,
Spatial AST[56] and SigLIP2 NaFLEX [51], and fine-tune
the model on our proposed dataset using the same LLM
backbone. Notably, the baseline uses monaural audio in-
put, whereas our method leverages binaural cues. Since the
sound source localization approaches are not designed for
reasoning tasks (e.g., Q2, Q3, Q4, Q5, Q6, Q9), we evaluate
them only on tasks that do not require language processing.
The metrics in Table 2 cover classification and direction of
arrival (DoA). Q1 (aligned) and Q1 (non-matching) indicate
sound source localization task where the source is semanti-
cally aligned and non-aligned with the audio, respectively.

5.2. Main Results

We present our results in Table 2, showing that only our
model effectively addresses spatial reasoning scenarios. For
sound classification tasks (Q1, Q7, Q8), sound source local-
ization approaches outperform the Question Only setting,
which serves as a random baseline. VideoLLaMA2 shows
comparable performance to our model, particularly in Q1
(aligned) and Q7 (DoA), where semantic cues are sufficient
for localization due to the presence of a single matching
visual object with audio. Monaural audio is sufficient to
localize the sound source, allowing baseline models to per-
form consistently without spatial audio cues. However, in
Q1 (non-matching) and Q8 (DoA), spatial reasoning is es-
sential for different reasons. In Q1 (non-matching), the vi-
sual object at the sound source is semantically unrelated to
the audio, requiring spatial cues to correctly associate the
sound with the aligned object. In Q8 (DoA), multiple ob-
jects share the same sound category, making it necessary
to differentiate between them using spatial cues. In both
cases, baseline models perform significantly worse. Vide-
oLLaMA2, which shares the same architecture as ours but
lacks binaural audio, achieves approximately 50% accuracy
in Q8 (DoA), indicating its inability to distinguish between
visually similar objects that semantically match the audio.
Since all baseline models use only monaural audio, they
lack spatial information, making spatial reasoning impos-
sible.



Table 4. Ablation study on modality settings for audio-visual spatial reasoning tasks. R, B, M, Q refer to RGB Image, Binaural Audio,
Monaural Audio, and Question (Text) in this table.

Trained and tested on Trained on R+B+Q, tested on Random Chance Oracle

metric R+B+Q R+M+Q B+Q M+Q R+Q R+M+Q B+Q Q O+Q

Q1
sound accuracy ↑ 52.69 51.01 52.53 51.40 27.28 54.03 46.86 3.50 98.08
coming-from accuracy ↑ 69.64 64.10 26.40 26.40 56.22 61.92 23.39 2.72 95.61

Q2 (Yes or No) ↑ 84.74 83.77 55.63 50.87 85.28 83.55 54.11 50.11 94.70

Q3
3-field accuracy ↑ 69.73 66.52 32.40 18.67 74.46 66.42 24.57 18.56 85.21
Avg. distance error (m) ↓ 0.39 0.41 1.20 1.31 0.36 0.47 1.37 1.34 0.11

Q4
DoA accuracy ↑ 65.68 59.03 12.86 12.43 58.06 56.14 11.38 9.80 86.63
Avg. DoA error (°) ↓ 15.41 20.21 81.18 87.38 18.59 23.55 86.49 85.48 4.17
Avg. distance error (m) ↓ 0.38 0.47 1.10 1.21 0.38 0.51 1.32 1.21 0.16

Q2-invisible audio ↑ 72.46 70.40 57.14 48.00 73.03 70.51 52.91 50.63 94.63

Q3-invisible audio
3-field accuracy ↑ 59.52 47.29 34.14 18.45 41.64 45.56 25.49 18.22 84.31
Avg. distance error (m) ↓ 0.75 0.98 1.20 1.33 1.02 1.12 1.39 1.38 0.10

Q4-invisible audio
DoA accuracy ↑ 41.18 16.71 11.18 11.76 13.53 16.47 11.29 9.88 86.24
Avg. DoA error (°) ↓ 39.81 69.25 80.51 84.56 77.15 75.39 85.24 84.81 4.27
Avg. distance error (m) ↓ 0.71 1.08 1.13 1.21 1.16 1.04 1.32 1.23 0.15

Q5
class accuracy ↑ 72.43 74.26 25.79 25.63 74.87 72.82 22.18 2.78 97.50
sounding accuracy ↑ 75.60 64.54 59.48 37.72 36.63 65.93 75.93 41.36 100

Q6
class accuracy ↑ 81.06 81.61 51.78 50.47 83.78 80.72 42.72 3.72 95.78
sounding accuracy ↑ 72.33 52.33 59.33 38.67 31.94 49.28 75.67 41.67 100

Q7
class accuracy ↑ 75.44 70.88 51.64 53.62 37.35 73.53 51.68 2.56 93.83
DoA accuracy ↑ 73.21 68.57 47.30 7.80 37.52 64.04 48.38 7.89 92.05
Avg. DoA error (°) ↓ 14.75 22.41 33.02 88.31 56.66 24.55 35.25 90.92 4.05
Avg. distance error (m) ↓ 0.30 0.33 0.50 0.53 0.44 0.36 0.79 0.53 0.11

Q8
class accuracy ↑ 70.27 75.33 48.42 48.02 69.89 71.90 32.51 0.78 95.15
DoA accuracy ↑ 64.27 46.37 47.69 8.46 43.72 39.76 49.41 7.61 90.67
Avg. DoA error (°) ↓ 23.78 50.80 32.32 89.93 51.90 52.46 32.45 89.40 3.86
Avg. distance error (m) ↓ 0.36 0.44 0.48 0.51 0.42 0.46 0.85 0.52 0.12

Q9
sound accuracy ↑ 54.00 51.14 51.14 52.20 27.17 55.57 47.25 2.81 98.03
visiblity accuracy ↑ 75.22 72.94 38.99 39.79 33.31 76.35 49.42 42.31 100

5.3. Ablation Studies
Table 4 shows that both image (R: RGB) and binaural au-
dio (B) inputs are crucial for spatial reasoning. It compares
R+B+Q, R+M+Q (M: monaural), B+Q, M+Q, and R+Q (Q:
question), highlighting that binaural audio provides spatial
cues while monaural lacks directional information. The fol-

lowing is an analysis of the performance for each question
type. Oracle performance assumes ideal audio and visual
encoders using metadata.
Question 1 involves sound and visual object classification,
with half of the samples containing a non-matching visual
object at the sound source. Both R+B+Q and R+M+Q show



similar sound classification accuracy (52.69% and 51.01%),
suggesting comparable semantic cues from monaural and
binaural audio. However, in coming-from accuracy,
R+B+Q (69.64%) outperforms R+M+Q (64.10%), high-
lighting the spatial advantage of binaural audio.
Questions 2, 3, and 4 assess distance and relative location
between the sound source and visual objects, requiring spa-
tial reasoning across modalities. For visible audio, R+M+Q
achieves 66.52% in Q3 and 59.03% in Q4, performing sim-
ilarly to R+B+Q (69.73% and 65.68%). When the sound
source is invisible, R+B+Q shows a clear advantage, out-
performing R+M+Q in Q3 (59.52% vs. 47.29%) and Q4
(41.18% vs. 16.71%). This highlights the role of binaural
audio in capturing spatial cues that monaural audio with vi-
sual input cannot provide.
Questions 5 and 6 both involve identifying the sound-
producing object but differ in complexity based on the num-
ber of visual objects that match the sound. In Q5, with only
one matching object, visual context alone provides suffi-
cient spatial information for localization. R+M+Q lever-
ages visual cues effectively, achieving a sounding accuracy
of 64.54%. With no visual ambiguity, the model can reli-
ably associate the sound with the correct object using spa-
tial information from the visual signal. In Q6, two visu-
ally similar objects match the sound, introducing ambiguity.
R+M+Q’s performance drops to 52.33%, as visual context
alone is no longer sufficient to distinguish between the two
objects, leading to random guessing. In contrast, B+Q and
R+B+Q maintain consistent performance across both ques-
tions. In Q5, they achieve 59.48% and 75.60%, respectively,
and in Q6, their performance remains stable at 59.33% and
72.33%. This stability is due to binaural audio, which pro-
vides explicit spatial cues, enabling the model to localize
the sound source based solely on directional information,
unaffected by visual similarity. These results indicate that
when there is only one matching object (Q5), R+M+Q can
effectively use visual spatial information. However, when
multiple visually similar objects are present (Q6), spatial
audio cues become essential, allowing B+Q and R+B+Q to
maintain stable performance regardless of visual similarity.
These results highlight the importance of binaural audio in
resolving ambiguity in complex visual scenes.
Questions 7 and 8 both involve sound classification and
localization but differ in the number of visual objects that
correspond to the audio, with two in Q8 and one in Q7.
In Q8, two visually similar objects correspond to the au-
dio, making it difficult for the model to distinguish between
them using visual information alone. R+M+Q and B+Q
show similar DoA accuracy (46.37% and 47.69%), but their
Avg. DoA errors differ, with R+M+Q at 50.80° and B+Q at
32.32°. R+M+Q relies on visual context for spatial cues, but
semantic ambiguity between the two objects complicates
localization, leading to random selection and higher error.

In contrast, B+Q, using binaural audio, focuses solely on
directional information, perceiving only one sound source
without considering object-level ambiguity, resulting in a
lower error. R+B+Q achieves the lowest error (23.78°) by
combining spatial audio and visual inputs. In Q7, the audio
corresponds to a single object, eliminating semantic ambi-
guity. In this case, the performance of R+M+Q and B+Q
reverses from Q8. R+M+Q records a lower error (22.41°)
than B+Q (33.02°), indicating that when only one object
is present, visual spatial information can effectively guide
localization without semantic confusion. These results sup-
port the findings in Q5 and Q6, emphasizing the role of spa-
tial audio in disambiguating visually similar objects.
Question 9 involves sound classification and localization
while also requiring the model to determine whether the
object is visually present at the sound source. This task de-
mands both audio and visual semantic understanding. Both
multi-modal settings (R+B+Q, R+M+Q) successfully ad-
dress this question.
Modality Setting Cross-Evaluation. To assess the im-
pact of vision signals and binaural audio during training,
we evaluate the model trained on R+B+Q under R+M+Q
and B+Q settings. While Q7 and Q8 show minimal change,
Q5 and Q6 exhibit noticeable gaps in sounding accuracy.
This might come from Q5 and Q6 only requiring yes/no
responses given a location, without the detailed localiza-
tion required in Q7 and Q8. Consequently, the model in
the B+Q setting may not effectively leverage spatial reason-
ing for these tasks. However, with visual signals, the model
gains implicit spatial cues that align audio locations with
the visual scene, potentially enhancing spatial audio under-
standing. Thus, the presence of visual information may be
beneficial even for learning spatial audio cues.

6. Conclusion
We introduce a new task, audio-visual spatial reasoning,
along with the Hear You Are LLM and QA dataset. Un-
like prior work that focuses on semantic or temporal align-
ment, our approach emphasizes spatial reasoning by inte-
grating binaural audio and visual inputs. We build a large-
scale dataset covering diverse spatial scenarios and propose
a multimodal framework combining spatial encoders with
a large language model. Experiments show that monaural
audio with vision or unimodal binaural methods lack the
capacity for spatial reasoning. These results underscore the
importance of spatial reasoning in robust multimodal under-
standing and set a new benchmark in audio-visual learning.
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Supplementary Material

8. Technical Appendices and Supplementary
Material

8.1. Experimental Details
8.1.1. Baseline Experiments
We evaluated several baseline models to assess spatial rea-
soning capabilities of audio-visual methods. These include
ISSL [43], ACL-SSL [32], and VideoLLaMA2 [10]. The
models were reproduced using publicly available codebases
or adapted from official checkpoints. All models were
tested on our proposed Hear You Are QA dataset.

ISSL. This model is a ResNet-based sound source local-
ization method that originally uses 224×224 input images,
unlike ours, which uses 880×224 panoramic inputs. Un-
like transformer-based models that rely on positional em-
beddings, ISSL does not require them, allowing it to oper-
ate directly on equirectangular panoramic images without
spatial tokenization or interpolation. We used the raw 360°
panoramic input as-is, without any resizing or slicing. Fol-
lowing the original article, we sort the heatmap values of
each image and retain the top T pixels. In this experiment,
we use the top 0.5% as the threshold. Afterward, we sum
the values along the vertical axis and divide them into angle
bins corresponding to 30°. The bin with the largest sum is
selected as the localization answer. For sound classification,
we perform audio retrieval by retrieving the most similar
audio feature from the test set for each test audio. If the re-
trieved audio belongs to the same category, it is considered
a correct answer.

ACL-SSL. The ACL-SSL model is also trained on
224×224 input images, but unlike ISSL, it is based on
a transformer architecture and relies on positional em-
beddings. To apply the model to 360° panoramic inputs
(880×224), we first sliced each equirectangular image into
four vertical segments of 220×224, and then resized each
slice to 224×224 to match the model’s expected input for-
mat. We ran the model on each slice independently and
then concatenated the resulting heatmaps to construct a
panoramic heatmap. This step is not part of the original
design, but we adopt it to enable panoramic localization.
Since ACL-SSL focuses on semantic alignment rather than
spatial reasoning, this slicing and recombination process in-
troduces minimal distortion, and spatial continuity is not
critical for performance. To obtain the final localization an-
swer, we apply a fixed threshold of 0.5 to the heatmap and
consider only pixels with values above the threshold. We

then sum the values along the vertical axis, divide them into
30° angle bins, and select the bin with the highest sum. For
sound classification, we perform audio retrieval in the same
manner as ISSL. The most similar audio feature from the
test set is retrieved, and if it belongs to the same category, it
is considered correct.

VideoLLaMA2. We adapted the VideoLLaMA2 frame-
work to our multimodal setting by using the same model ar-
chitecture and encoders as our full method. The only differ-
ence lies in the audio input, as this baseline receives monau-
ral audio instead of binaural signals. We trained the model
with the R+M+Q configuration, which uses panoramic
RGB, monaural audio, and text question input. This cor-
responds to the ablation setting in Table 4 and serves as
a strong LLM-based baseline for multi-modal reasoning
without spatial modeling.

Qualitative Comparison with Baselines

Figure 4 and Figure 5 present qualitative comparisons be-
tween the ACL-SSL baseline and our proposed model.
These visualizations illustrate the grounding performance
of each method on representative Q1 (non-matching) and
Q8-type questions, which require both semantic recognition
and spatial localization of sounding objects.

As shown in Figure 4, ACL-SSL generates heatmaps
that highlight regions semantically aligned with the audio
but lacks the spatial precision to distinguish between multi-
ple matching candidates. In the first column, the ACL-SSL
model merely segments both chickens and electric blenders.
In contrast, our model can identify which specific object
is making the sound by leveraging spatial understanding.
In the second column, the cell phone ringing sound orig-
inates from the pitcher and the hamper. Since these
objects are not semantically related to the sound, the ACL-
SSL model fails to localize the correct region. However,
as shown in Figure 5, our model recognizes the spatial au-
dio cues and localizes the sound source, enabling it to infer
what visual object is present at that location and produce the
correct answer.

These results underscore the importance of spatial rea-
soning in audio-visual understanding. While semantic-only
models like ACL-SSL may succeed in object detection, they
fall short in tasks requiring disambiguation. By explicitly
modeling the spatial alignment between binaural audio and
panoramic vision, our model can resolve such ambiguities
and make accurate spatial predictions.



Figure 4. Qualitative results from the ACL-SSL baseline. The model highlights semantically matching regions but fails to distinguish the
actual sound source due to the lack of spatial reasoning.

!
How would you categorize the sound and indicate the object in that class that is 
making it? Format: <class_label>;<label>;<elevation>;<distance>

"
chicken crowing;-60;15;1.6

!
Could you determine the sound class category, and which object of that category in the 
scene is making the sound? Format: <class_label>;<label>;<elevation>;<distance>

"
electric blender running;120;12;1.7

!
How would you categorize the sound, and where does it come from?

"
telephone; pitcher

!
What is the classification of this sound, and from which location does it come?

"
cell phone; hamper

Figure 5. Qualitative results from our model. By leveraging spatial audio cues, the model accurately localizes the sound source and
identifies the correct visual object at that location.

8.1.2. Encoder Warm Start QA Generation
To pre-train each encoder on spatially grounded audio and
visual representations respectively, we constructed a simple



uni-modal QA dataset derived from simulation metadata.
Each data sample contains a 360° image, spatial audio, and
object positions with annotations.

We synthesized QA pairs in two modalities:
• Audio-based QA: Given a binaural waveform, questions

ask for either the class label or the spatial position (az-
imuth, elevation, and distance) of the sound source.

• Visual-based QA: Given a binaural waveform, questions
ask for either the class label or the spatial position (az-
imuth, elevation, and distance) of the visual object.

Answer Format Examples:
• <wav> What are the predicted azimuth
and elevation angles, and the distance
to the sound source?
Answer: (90, -10), 2.3 meters

• <wav> What sound did you detect?
Answer: typewriter

• <rgb> What are the predicted azimuth
and elevation angles, and the distance
to the typewriter?
Answer: (90, -10), 2.3 meters

• <rgb> What visual objects did you
detect at (60, 0), 1.7 meters?
Answer: typewriter
As we use Spatial-AST [56] as the audio encoder, which

is already pre-trained to capture spatial cues, we only need
to train the audio projector to align with the LLM back-
bone. This makes the adaptation process relatively simple.
In contrast, the image encoder [51] is not initially designed
for 360° panoramic inputs and suffers from geometric dis-
tortion. To address this, we first LoRA fine-tune the image
encoder to recognize object class labels under panoramic
distortion. Once it learns to handle such geometric trans-
formations, we further train it to answer questions requiring
spatial position prediction, such as azimuth, elevation, and
distance.

8.1.3. Reproducibility.
We will release the full codebase, panoramic image dataset,
reverb files, model checkpoints, and detailed instructions
for reproducing all experiments upon acceptance. Please
refer to the VGGSound [6] for the audio files used in this
study.

8.2. Dataset Details
8.2.1. Explanation on the Visual Scene
The Hear You Are QA dataset contains 360° panoramic im-
ages of realistic indoor environments. These scenes are pop-
ulated with both sound-emitting and silent visual objects,
distributed across diverse azimuth angles. The height of
each object is randomly sampled within 0.5 meters from
the floor to provide visually plausible augmentation with-
out introducing unrealistic placements. Although elevation

is included in both the training and evaluation stages, it is
largely negligible in practice and is therefore excluded from
performance metrics, except for Q3-type questions where
elevation is explicitly required.

8.2.2. Generated 3D Objects
We use Stable Diffusion 3 [36] and InstantMesh [53] to syn-
thesize new 3D audio-visual objects, enabling the diversifi-
cation of spatial grounding scenarios. The size of each ob-
ject category is manually determined based on the common
sense judgments of three annotators. We classify objects
into four size levels: smallest, small, medium, and large.
For each size level, we define a representative base size and
apply a random variation of ±20% to introduce natural vari-
ation.

8.2.3. Explanation on Azimuth and Elevation
Figure 6 consists of two visualizations. The top image is a
2D equirectangular projection of a 360° indoor scene. The
bottom image shows a circular representation of the same
scene, in which the panoramic view is reprojected into a
top-down format. Azimuth angles are annotated around the
circle, ranging from −180◦ to 180◦, with 90◦ indicating the
agent’s front-facing direction. This visualization helps pro-
vide an intuitive understanding of how spatial directions are
represented in the panoramic setting.

Figure 7 illustrates how azimuth and elevation angles are
defined on a spherical coordinate system. The azimuth (θ)
represents the horizontal angle around the vertical axis, and
the elevation (ϕ) indicates the vertical angle above or below
the horizontal plane. In our setup, the agent is facing θ =
90◦, which serves as the reference front-facing direction.
The full range of these angles is defined as:

θ ∈ [−180◦, 180◦], ϕ ∈ [−90◦, 90◦]

This spherical representation is used to define the 3D po-
sitions of sound sources and visual objects relative to the
agent. It allows for a consistent spatial grounding of audio-
visual inputs across different environments.

8.2.4. Question Types
To help readers understand the design and purpose of each
question type in our dataset, we provide explanations along
with qualitative examples. Each example highlights a rep-
resentative 360° panoramic scene, the associated question,
and the correct answer.

Q1: Spatial Correspondence The scene includes a
backpack and a dog, along with a cell phone sound
that has no corresponding visual object. The question is:
“What is the sound class category? Where is the sound
coming from?” The correct answer is cell phone;
backpack. Although the phone itself is not visible,
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Figure 6. Equirectangular (top) and circular views of a 360° scene with azimuth annotations (bottom).

the sound is localized at the position of the backpack.
The model is expected to recognize the audio as a cell
phone ringtone and associate it with the backpack,
which occupies the same location.

Q2–Q4 and Invisible Audio Settings To provide a
clearer understanding of the invisible audio settings in
Q2–Q4, we present both a panoramic view (Figure 9) and
a bird’s-eye view (Figure 10). For the bird’s-eye view, we
include two settings: one with a visible audio-emitting ob-
ject on the left, and another with an invisible one on the
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Figure 7. Spherical visualization of azimuth (θ) and elevation (ϕ) angles in a 360° panoramic setting. The agent is positioned at the center,
facing 90◦, with azimuth ranging from −180◦ to 180◦ and elevation from −90◦ to 90◦.

Figure 8. Q1 example: Identify the sound class and locate its matching visual object.

right. In the latter case, the sound is still assigned to a spe-
cific location, even though no corresponding visual object
is present. This invisible audio setting corresponds to the
condition analyzed in the ablation study shown in Table 4.

Q2, Q4: Relative Location Figure 11 illustrates the spa-
tial setups involved in Q2 and Q4. The left part shows the
relative distance between each object and the agent (yel-
low star), corresponding to Q2. Two sets of concentric
circles are drawn: blue for the pigeon and green for the
dumbbell. Since the blue circles are smaller, the pigeon
is closer to the agent. The right part corresponds to Q4 and



Figure 9. Panoramic view used for illustrating Q2–Q4 scenarios.

Figure 10. Bird’s-eye view of audio source settings. The left side shows a visible sound source; the right side shows an invisible one.

visualizes the spatial and angular relationship between the
two objects. The blue and green lines indicate the directions
from the agent to the dumbbell and the pigeon, respectively,
and the angle between them represents their azimuthal sep-
aration. The red line connects the two objects and indicates
their Euclidean distance.

Q3: Relative Location Figure 12 illustrates the object
coordinates and the question format used in Q3. The left
part shows a bird’s-eye view with an XZ coordinate sys-
tem, where the agent is placed at the origin (yellow star).
Each object is plotted with its relative position, and larger
x- or z-values indicate positions farther to the left or behind,
respectively. The right part presents examples of Q3-style
questions, where the model is asked to estimate the relative

location of one object from another. Labels such as “Left,
Behind” or “Right, Front” are derived from their spatial re-
lationship on the coordinate grid.

Q5: Spatial & Semantic Correspondence (One visual
object semantically matches the audio) The scene in-
cludes a dog, a double bass, a cup, and a mandolin.
The sound is that of a mandolin, and it is spatially local-
ized at (−69,−17), 2.2 meters. The question is: “What is
the object in the scene located at (-69, -17), 2.2 meters? Is
it making a sound?” The correct answer is mandolin;
Yes. To answer correctly, the model must identify the
object located at the specified coordinates and determine
whether the sound is coming from that location.
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Figure 11. Left: object-to-agent distances (Q2). Right: angular and spatial relationship between two objects (Q4).
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Figure 12. Bird’s-eye view of object locations (left) and Q3-style relative location question examples (right).

Q6: Spatial & Semantic Correspondence (Multiple
visual objects semantically match the audio) The
scene includes two alarm clocks, a harp, and an
electric guitar. The sound is coming from the di-
rection of one of the alarm clocks, around -100 in azimuth.
The question is: ”What is the object in the scene located
at (43, -24), 1.3 meters? Is it making a sound?”, focuses
on the other alarm clock, located at (43, -24), 1.3 meters,
and asks whether it is emitting sound. The correct answer
is alarm clock; No. To answer correctly, the model
must determine whether the sound is coming from the loca-
tion specified in the question.

Q7: Spatial & Semantic Correspondence (One visual
object semantically matches the audio) The scene in-
cludes a barn swallow calling, a metronome,
and a double bass. The sound is that of the barn
swallow calling. The question is: “Given multiple
visual objects, which one is making a sound, and where
is it located?” The correct answer is barn swallow
calling; 123; -11; 2.2. The model must classify
the sound, match it to the correct visual object among sim-
ilar distractors, and provide its spatial location in azimuth,
elevation, and distance.



Figure 13. Q5 example: Estimate sound position and identify the emitting object class.

Figure 14. Q6 example: Determine if a visible object is emitting sound.

Q8: Spatial & Semantic Correspondence (Multiple vi-
sual objects semantically match the audio) The scene
includes two dogs, a djembe, a bird, and a set of
castanets. The sound is that of dog barking, and
it is coming from the dog positioned at (-86, -9), 1.9 me-
ters. The question is: “Could you determine the sound
class category, and which object of that category in the
scene is making the sound?” The correct answer is dog
barking; -86; -9; 1.9. The model must classify
the sound, match it to the correct visual object among sim-
ilar candidates, and predict its spatial location in azimuth,
elevation, and distance.

Q9: Semantic Co-occurrence The scene includes an
acoustic guitar, a baby, a bassoon, and a
banjo. The sound is that of an acoustic guitar.
The question is: “What is the sound class category? Is
the sound source visible in the scene?” The correct answer
is acoustic guitar; Yes. To answer correctly, the
model must classify the sound and verify whether a visual
object of the same class appears at the location where the
sound is coming from.

8.2.5. Paraphrase Prompt Templates
To increase linguistic diversity and reduce model overfitting
to rigid question structures, we employed GPT-4o to gener-

ate paraphrased templates for each of the 9 question types
(Q1–Q9). Approximately 20 paraphrases were generated
per type, and we present three representative prompts per
type below. The full set will be released with the dataset
and codebase.

• Q1: Spatial Correspondence
– What is the sound class category? Where is the sound

coming from?
– Can you identify the sound category and its source?
– What kind of sound is it, and what is its source loca-

tion?
• Q2: Relative Location (closer)

– Is the sound source of the {A} closer to the agent than
it is to the {B}?

– Does the sound of the {A} come from a closer position
to the agent than the visual object {B}?

– Is the {A}’s sound coming from a point nearer to the
agent than the visual object {B}?

• Q2-far: Relative Location (farther)
– Is the sound source of the {A} farther to the agent than

it is to the {B}?
– Is the agent farther from the sound of the {A} than to

that of the {B}?
– Is the acoustic origin of the {A} more distant from the

agent than the visual object {B}?
• Q3: Relative Location



Figure 15. Q7 example: Select the correct sound-emitting object among candidates.

Figure 16. Q8 example: Find the spatial position of a known audio category.

– What is the distance between the {A} sound and the
visual object {B}, and how is {A} positioned relative
to {B}?

– Can you assess the distance between the {A} sound
and the visual object {B}, and determine the relative
position of {A} with respect to {B}?

– How would you describe the relative placement of {A}
to {B} based on the sound?

• Q4: Relative Location
– What is the distance between the {A} sound and the

visual object {B}, and what is the angle formed by the
agent’s gaze toward both?

– Can you estimate the distance from the {A} sound to
the {B}, and the angle between the agent’s gaze direc-
tion toward the {A} and the {B}?

– How would you assess the angle between the agent’s
gaze toward {A} and {B}, and their relative distance?

• Q5: Spatial & Semantic Correspondence (One visual
object semantically matches the audio)
– What is the object in the scene located at {azimuth},
{distance} meters? Is it making a sound?

– Which object is found at {azimuth}, {distance} meters,
and is it currently making a sound?

– Can you identify the object positioned at {azimuth},
{distance} meters, and is it emitting any sound?

• Q6: Spatial & Semantic Correspondence (Multiple vi-

sual objects semantically match the audio)
– What is the object located at {azimuth}, {distance}

meters in the scene, and is it producing a sound?
– Can you determine the object located at {azimuth},

{distance} meters and confirm if it is producing sound?
– What is the object at {azimuth}, {distance} meters,

and is it the source of the audible signal?
• Q7: Spatial & Semantic Correspondence (One visual

object semantically matches the audio)
– Given multiple visual objects, which one is making a

sound, and where is it located?
– Which object among the visual objects is producing a

sound, and where is it placed?
– From the visual objects in the scene, which one is pro-

ducing a sound, and where is it positioned?
• Q8: Spatial & Semantic Correspondence (Multiple vi-

sual objects semantically match the audio)
– What is the sound class, and which object of that type

in the scene is the source of the sound?
– Can you determine the category of the sound and iden-

tify the object within that category that is generating
it?

– Which object of the sound class is producing the audio
in the scene?

• Q9: Semantic Co-occurrence
– What is the sound class category? Is the sound source



Figure 17. Q9 example: Identify the sound class and confirm source visibility.

visible in the scene?
– Can you specify the sound type and indicate whether

its source can be seen in the scene?
– What is the classification of the sound, and is the

sound-emitting object in view?

8.2.6. Prompt Formatting Strategy
To ensure stable and structured responses from the language
model, we applied prompt formatting with question-specific
instructions and examples. The prompt suffix varied de-
pending on the question type (q1–q9), and typically con-
tained the following elements:
• A directive phrase, e.g., Please provide the
answer in the following format: ...

• A format schema, e.g., <label>;<distance>
• A concrete example, e.g., (e.g., J;3.2)

The examples were dynamically generated per instance.
For example:
– Azimuth labels (A–L) were randomly selected for each

question from a uniform pool.
– Distances were sampled from [0.5, 4.0] meters.
– Elevations from [−20, 20] degrees.
– Class names (e.g., blender, accordion) from the

dataset’s audio/visual categories.
• A label explanation block (for azimuth questions), e.g.,
A: 180°, B: -150°, ...
The mapping between question type and appended in-

struction is as follows:
• Q1

– Suffix:
Please provide the answer in the
following format: class category;
sound source (e.g., xylophone;eagle)

– Purpose: to ensure joint prediction of the sound cate-
gory and its visual counterpart.

• Q2
– Suffix:
Please provide the answer Yes or No

– Purpose: to elicit binary (Yes/No) responses based on
relative spatial reasoning.

• Q3
– Suffix:
Please provide the answer
in the following format:
<left right>;<up down>;<front behind>;
<distance> (e.g.,
left;up;behind;2.3)

– Purpose: to guide spatial reasoning using direction and
distance.

• Q4
– Suffix:
Please answer using labels A{L,
where: A: 180°, B: -150°, ..., L:
150°. Format: <label>;<distance>
(e.g., J;3.2)

– Purpose: to map coarse directions to discrete azimuth
bins with distance.

• Q5, Q6, and Q9
– Suffix:
Please provide the answer
in the following format:
<class label>;<yes no> (e.g.,
vacuum;Yes)

– Purpose: to encourage semantic grounding with binary
decision making.

• Q7 and Q8
– Suffix:
Please answer using labels
A{L, where: A: 180°,
..., L: 150°. Format:
<class label>;<label>;<elevation>;
<distance> (e.g.,
accordion;H;5.0;1.8)

– Purpose: to map coarse directions to discrete azimuth
bins with distance, and to jointly classify the sound
type and localize the object.

Why Discrete Labels (A–L)? We discretized the azimuth
direction into 12 evenly spaced bins (A–L), each represent-



Table 5. Azimuth label mapping used in directional prompts.

Label A B C D E F G H I J K L

Degree 180° -150° -120° -90° -60° -30° 0° 30° 60° 90° 120° 150°

ing a 30° increment in the clockwise direction starting from
A (180°), with J corresponding to the front (90°). This ap-
proach offers several advantages. Notably, it helps avoid bi-
ased numeric outputs during training. When the model was
prompted to directly generate azimuth values as raw num-
bers, we found that it frequently produced certain patterns
such as 123, likely influenced by pretraining exposure to
common number sequences. These patterns disrupted train-
ing stability, making discrete labels a more robust and inter-
pretable alternative. In addition, it facilitates simple evalu-
ation in direction-of-arrival and localization tasks. The spe-
cific azimuth bin definitions are shown in Table 5.

8.2.7. Spatial Audio Experience via Rotating Agent
To help readers directly experience how spatial sound
changes with orientation, we prepared a simple interactive
demo using a panoramic image. The scene is rotated in 30°
increments, resulting in 12 viewpoints that cover a full 360°
turn. Each viewpoint is accompanied by spatial audio cor-
responding to the listener’s orientation.

Figure 18. A schematic top-down view illustrating the agent’s
360° rotation. Used for angle reference only.

To explore this experience, please unzip the pro-
vided rotate.zip file and open index.html in your
browser. The viewer allows you to perceive how the spatial

Table 6. Number of samples per question type in each split.

Question Type Train Val Test

Q1 172,794 3,600 3,600
Q2 86,373 1,800 1,799
Q3 86,373 1,800 1,799
Q4 86,373 1,800 1,799
Q5 86,373 1,800 1,799
Q6 86,389 1,799 1,800
Q7 86,373 1,800 1,799
Q8 86,389 1,799 1,800
Q9 172,794 3,600 3,600

characteristics of sound evolve as the agent rotates around
the scene.

Figure 18 provides a schematic top-down view to help
readers intuitively understand the relative angle of each ro-
tation step. Figure 19 shows a screenshot of the viewer,
where the panoramic image and corresponding audio player
are displayed.

8.2.8. Test Sample Viewer
We provide a viewer for test samples. This interface dis-
plays a series of 360° panoramic images from the test set,
each paired with corresponding spatial audio.

To use the viewer, unzip the pro-
vided test samples.zip file and open
test samples.html in your browser. The demo
page allows users to visually inspect the scene while
listening to the associated audio, which was used as input
during model inference.

8.2.9. Dataset Statistics
Table 6 summarizes the number of samples per question
type across the train, validation, and test splits. The dataset
was designed to broadly cover key aspects of audio-visual
spatial reasoning. Q1 and Q9 include a larger number
of samples, based on the intuition that effectively disen-
tangling semantic alignment and spatial localization dur-
ing training can benefit the learning of other tasks as well.
The remaining question types (Q2–Q8) are uniformly dis-
tributed to ensure balanced coverage of diverse spatial rea-
soning scenarios.



Figure 19. Screenshot of the interactive demo page showing the panoramic image and spatial audio player.

Figure 20. Screenshot of the test sample viewer. Each scene is presented with panoramic image and spatial audio.

Visual and Audio Category Distributions
Figures 23–28 show distributions of the most frequent vi-
sual and audio categories.



Figure 21. Generated visual samples using Stable Diffusion3.



Figure 22. 3D mesh examples from InstantMesh applied on diffusion outputs.



Figure 23. Top 30 most frequent visual object categories in the training set.



Figure 24. Top 30 most frequent visual object categories in the validation set.



Figure 25. Top 30 most frequent visual object categories in the test set.



Figure 26. Top 30 most frequent audio object categories in the training set.



Figure 27. Top 30 most frequent audio object categories in the validation set.



Figure 28. Top 30 most frequent audio object categories in the test set.


	Introduction
	Related Works
	Audio-Visual Sound Source Localization
	Spatial Audio Reasoning
	Audio-Visual LLMs

	Creation of Hear You Are QA Dataset
	Method
	Experiments
	Implementation Details
	Main Results
	Ablation Studies

	Conclusion
	Acknowledgment
	Technical Appendices and Supplementary Material
	Experimental Details
	Baseline Experiments
	Encoder Warm Start QA Generation
	Reproducibility.

	Dataset Details
	Explanation on the Visual Scene
	Generated 3D Objects
	Explanation on Azimuth and Elevation
	Question Types
	Paraphrase Prompt Templates
	Prompt Formatting Strategy
	Spatial Audio Experience via Rotating Agent
	Test Sample Viewer
	Dataset Statistics



