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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-001
ing audio and visual information, either through semantic002
or temporal correspondence. However, most of these works003
have utilized monaural audio, which does not contain in-004
formation about the spatial location of the sound source. In005
contrast, humans and other animals utilize binaural hear-006
ing to perceive this spatial information. Combining spatial007
sound and visual perception enables powerful high-level008
reasoning: for example, a person looking for their phone009
may hear the ringing sound coming from a backpack sitting010
on a table, and quickly infer that the missing phone is in-011
side the backpack. In this paper, we investigate the problem012
of Audio-Visual Spatial Reasoning. We design a spatial013
audio-visual question answering dataset to cover scenar-014
ios where semantic correspondence between audio and vi-015
sual signals is absent but spatial alignment exists, as well as016
cases with multiple audio-visual semantic correspondences017
that require spatial reasoning to disambiguate. We propose018
a model that learns spatial comprehension across the audio019
and vision modalities by connecting them with a large lan-020
guage model and experimentally demonstrate that spatial021
sound perception is an essential part of our task.022

1. Introduction 023

We live in a world full of sights and sounds, naturally asso- 024
ciating what we hear with what we see. Several cues help 025
us connect the two, such as the visual appearance and au- 026
dible characteristics of an object, the synchronization be- 027
tween an action or event and its corresponding sound, and 028
the direction from which the sound arrives, through bin- 029
aural hearing. We rely on these audio-visual cues to lo- 030
cate a missing mobile device, or to know when an emer- 031
gency vehicle is approaching as we are driving. This nat- 032
ural ability to connect auditory and visual information has 033
motivated advancements in audio-visual machine learning, 034
such as sound source localization (object detection based 035
on audio queries) [8, 21, 23, 27, 29, 30, 33], source sep- 036
aration [3, 14–16, 45, 46, 48], and audio-visual synchro- 037
nization [7, 12, 32]. However, most of these studies, which 038
commonly use monaural audio, focus on the semantic cor- 039
respondence between a sound and the visual appearance of 040
the object that made the sound, or the audio-visual temporal 041
alignment between an event and the sound it creates. These 042
past approaches often overlook spatial cues that provide in- 043
formation about where a sound is coming from. 044

Binaural audio becomes essential when semantic match- 045
ing is ambiguous or misleading. Figure 1 illustrates two 046
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scenarios where spatial reasoning is necessary. For in-047
stance, understanding that a ringtone sound is emanating048
from a backpack requires spatial reasoning, as the backpack049
does not semantically match the sound. Another example is050
when a single sound (e.g., speech) could correspond to mul-051
tiple visual objects (e.g., several students in a classroom),052
where spatial cues help pinpoint the actual source. These053
examples highlight the limitations of previous methods, em-054
phasizing the need to address spatial reasoning beyond ba-055
sic perception.056

Previous studies in spatial audio reasoning have primar-057
ily focused on audio-only approaches, excluding visual in-058
formation while incorporating language as a modality for059
spatial interpretation. [13] aligns audio and text embed-060
dings for spatial tasks, while [52] leverages large language061
models for spatial audio question answering. While spatial062
audio itself provides rich information for spatial reasoning,063
integrating visual information into these tasks is a natural064
extension, as visual signals inherently convey spatial con-065
text. This combination not only enhances spatial perception066
and localization capabilities, but also enables more sophis-067
ticated spatial reasoning, such as handling scenarios involv-068
ing sounding sources and nearby visual objects.069

In this paper, we address the problem of Audio-Visual070
Spatial Reasoning, which involves understanding the spa-071
tial relationship between a sound and the visual context.072
This task goes beyond simply perceiving and localizing a073
sound source, as it requires reasoning about spatial cues074
to infer relationships and interactions between objects. To075
support research on this problem, we construct a large-076
scale dataset of 1 million question-answer pairs, specifi-077
cally designed to serve as both the training and evalua-078
tion set for spatial audio-visual reasoning in diverse sce-079
narios. The vision and spatial audio is rendered using080
SoundSpaces 2.0 [5], with source audio clips sampled081
from VGGSound[6]. 3D objects associated with these082
sounds are generated using Stable Diffusion 3[35] and In-083
stantMesh [49], and then are placed within the virtual en-084
vironments. This dataset serves as a comprehensive bench-085
mark for spatially intricate settings, providing questions that086
assess spatial alignment between modalities, relative loca-087
tions between sounding and non-sounding objects, and lo-088
calization of sound sources among multiple visual objects089
of the same category as the query audio.090

Furthermore, we propose a multi-modal framework,091
Hear You Are LLM, which leverages spatial audio and vi-092
sual encoders to integrate spatial information. The model is093
trained to handle all the spatial reasoning tasks from our094
dataset, enabling it to address scenarios where semantic095
alignment alone is insufficient. We experimentally demon-096
strate that our proposed method effectively addresses the097
audio-visual spatial reasoning problem, outperforming ex-098
isting baseline models including a state-of-the-art monau-099

ral sound source localization method [39, 40] and a large 100
language model-based audio-visual model that lacks spatial 101
understanding. These results highlight the importance of 102
incorporating spatial audio-visual knowledge to achieve ro- 103
bust multi-modal reasoning. To summarize, our main con- 104
tributions are as follows: 105

• We define a new task, audio-visual spatial reasoning, 106
focusing on understanding spatial relationships between 107
sound and visual context, going beyond basic semantic 108
perception such as sound source localization (object de- 109
tection based on audio queries) and audio-visual segmen- 110
tation. 111

• We propose Hear You Are LLM, a multi-modal model- 112
ing framework that integrates spatial audio and visual en- 113
coders with a large language model to handle complex 114
spatial reasoning tasks. 115

• We construct Hear You Are QA, the first large-scale 116
dataset specifically designed for audio-visual spatial rea- 117
soning, consisting of 1 million question-answer pairs 118
across diverse spatial scenarios for training and evalua- 119
tion. We will open source both the dataset and the training 120
code. 121

2. Related Works 122

2.1. Audio-Visual Sound Source Localization 123

Audio-visual sound source localization is the task of detect- 124
ing the object or area that corresponds to the query audio in 125
the visual scene. Following the development of deep learn- 126
ing, Senocak et al. [37, 38] suggested a semantic alignment- 127
based approach by proposing a cross-modal attention mech- 128
anism with contrastive learning. The field has advanced in 129
the direction of better cross-modal alignment by leveraging 130
negative-free self-supervised learning [42], intra-modality 131
similarity learning [43], and the use of multiple positive 132
learning [39], aligning with representation learning meth- 133
ods. However, these methods rely on monaural audio and 134
are limited to audio-visual semantic correspondence with- 135
out spatial understanding. 136

Different approaches have focused more on spatial au- 137
dio for sound source localization. He et al. [20] proposed 138
a 3D sound source localization method trained on a dataset 139
with four-channel audio and multi-view visual scenes syn- 140
thesized using SoundSpaces 2.0. Their approach localizes 141
sound within the visual scene, but the visual counterpart of 142
the sound is not visible in their setting, as they only lo- 143
calize the area of the sound source. Shimada et al. [41] 144
constructed an audio-visual sound source localization and 145
detection dataset in which audio-visual alignment is guar- 146
anteed. In their framework, the visual signal serves as an 147
auxiliary modality to improve sound localization and de- 148
tection. In contrast, we present an audio-visual scene that 149
includes both sound-producing and silent objects, allowing 150
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the model to learn a broader range of spatial reasoning tasks151
that require contextual understanding beyond basic local-152
ization.153

2.2. Spatial Audio Reasoning154

Following recent advancements in audio understanding [1,155
18, 24] and reasoning [19, 36], several approaches have156
been proposed to address spatial audio reasoning. [52] syn-157
thesize the spatial sound question answering dataset with158
the SoundSpaces 2.0 simulator and train a spatial audio en-159
coder and a large language model for spatial audio under-160
standing and reasoning. This framework handles tasks such161
as sound event detection, direction and distance estimation,162
and spatial reasoning, for example, “What is the sound on163
the left side of the sound of the dog barking?” Another164
line of research explores spatial audio reasoning through165
contrastive language-audio pretraining, with synthetic first-166
order ambisonics [13]. However, these approaches do not167
incorporate the vision modality, which opens another di-168
mension for reasoning.169

2.3. Audio-Visual LLMs170

Inspired by the advancements of Large Language Mod-171
els (LLMs), recent studies have extended these mod-172
els to Multimodal Large Language Models (MLLMs) to173
tackle a wider range of multimodal tasks. In the audio-174
visual domain, GroundingGPT [26] introduces multimodal175
grounding for audio, image, and video data using LLMs.176
Meerkat [10] aligns audio-visual features using optimal177
transport and attention consistency, and CAT [51] ag-178
gregates question-related clues in audio-visual scenarios.179
From a benchmarking standpoint, AVHBench, AVTRUST-180
BENCH, and AV-Odyssey Bench [11, 17, 44] provide181
comprehensive benchmarks targeting hallucination detec-182
tion [44], reliability and robustness [11], and both foun-183
dational capabilities and high-level reasoning [17]. While184
recent studies have advanced multimodal learning, they pri-185
marily rely on monaural audio, limiting their ability to han-186
dle spatial reasoning. As spatial reasoning enables a broader187
range of tasks and more closely reflects real-world scenar-188
ios, it must be addressed to achieve comprehensive audio-189
visual understanding. We propose a new dataset and model190
specifically designed for spatial reasoning in audio-visual191
tasks.192

3. Creation of Hear You Are QA Dataset193

Our goal is to train a model to learn both semantic and spa-194
tial reasoning, for audio-visual inputs. To this end, we in-195
troduce the Hear You Are QA Dataset. Constructing large-196
scale audio-visual scene data with real-world spatial audio197
is time-consuming and challenging, requiring specialized198
equipment such as ambisonic or dummy head microphones.199
To efficiently build a diverse dataset with various objects200

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 201
generate both the scenes and spatial audio. 202

Spatial Audio Simulator. We employ the SoundSpaces 203
2.0 simulator [5], which renders geometry-based acoustics, 204
adding realistic reverberation for any source–receiver pair. 205
Users can freely vary wall materials, object properties, and 206
microphone-array geometry, letting us create a rich, con- 207
trollable dataset while retaining exact ground-truth parame- 208
ters, e.g., every source’s 3D position and orientation. Scene 209
meshes come from Matterport3D [2], a collection of 90 210
fully scanned buildings averaging 24.5 rooms across 2.61 211
floors and 517.34 m² of floor space. We use 72 scenes for 212
training, 9 for validation and 9 for testing. Given a source 213
location, monaural signal, receiver position, and heading, 214
the observed signal is obtained by convolving the monau- 215
ral signal with the environment’s room impulse response. 216
We configure the receiver to record a binaural audio signal 217
with the default Head Related Transfer Function (HRTF) 218
provided by SoundSpaces2.0. 219

Sound Sources. Previous spatial audio datasets include ei- 220
ther a limited number of class categories [41] or classes that 221
are not guaranteed to be visually observable [20, 52]. To 222
construct a large-scale audio-visual dataset, we adopt VG- 223
GSound [6], which contains 200,000 in-the-wild 10-second 224
YouTube clips, each annotated with one of 309 audio event 225
classes. However, some of these classes correspond to 226
events that typically occur outdoors or are difficult to as- 227
sociate with a single visual object (e.g., “Airplane Flyby”, 228
“People Marching”). To enhance the visual reliability and 229
realism of our dataset, we manually exclude categories typ- 230
ically occur outdoors, or are visually ambiguous. We follow 231
the original testing splits provided by VGGSound, and cre- 232
ate a validation set of the same size as the testing set by 233
sampling clips from the VGGSound training split. 234

Visual Objects. Due to the limited number of sound- 235
emitting categories in existing 3D object datasets, we gen- 236
erate our own 3D objects to be placed within the Matter- 237
port3D environments, either as sounding objects or as dis- 238
tractor objects. Specifically, we first select 150 class cate- 239
gories from VGGSound and 40 from ImageNet, and gener- 240
ate 2D images for each category using Stable Diffusion 3. 241
After manually filtering out low-quality or unrealistic gen- 242
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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

erations, we select 40 visually plausible images per cate-243
gory. These 2D images are then lifted into 3D object meshes244
using the method from [49]. For each sounding object cate-245
gory, we reserve 32 images for training, 4 for validation and246
4 for testing.247
Audio-Visual Scene Construction. Each audio-visual248
scene consists of a 360◦ panoramic image as Figure 2 and249
corresponding binaural audio. We stitch 18 images, each250
with a horizontal FoV of 20 degrees as in [4], to form a251
360◦ view. The final image resolution is set to 224×812,252
and the center of the image is aligned with the front-facing253
direction of the observing agent in SoundSpaces 2.0.254

We inject the aforementioned sound source and 3D ob-255
jects into random locations within the scene, excluding256
placements where objects are occluded by walls or located257
in a different room. Each scene includes one sound source.258
The sound source, depending on the question scenario, is259
assigned to either a semantically matching object from a260
VGGSound category, a random object from a different cat-261
egory (VGGSound or ImageNet), or a random empty loca-262
tion within the scene.263

One potential concern is that rendering artifacts, such264
as visible seams between injected objects and the original265

scene, could serve as shortcuts for the model. To mitigate 266
this and increase the visual complexity of the scene, we ran- 267
domly insert up to three random objects sampled from cat- 268
egories distinct from the main visual objects in the scene. 269

Crafting Questions. We manually defined nine different 270
“base” questions that require spatial audio-visual under- 271
standing, summarized in Table 1. When filling a question 272
template, we use handcrafted rules to automatically popu- 273
late the missing fields in the question and answer using the 274
scene construction parameters. The questions cover four 275
main categories: spatial correspondence (Q1), relative lo- 276
cation (Q2, Q3, Q4), spatial and semantic correspondence 277
(Q5, Q6, Q7, Q8), and semantic co-occurrence (Q9). 278

Spatial Correspondence questions aim to evaluate whether 279
the model can correctly associate an audio signal with its 280
spatially aligned visual source. To assess the model’s ro- 281
bustness, we include counterfactual examples in which se- 282
mantically mismatched visual objects and sounds (e.g., a pi- 283
ano and dog barking) are placed at the same location. This 284
setting discourages reliance on semantic priors and encour- 285
ages the model to learn true spatial correspondence between 286
audio and visual modalities without hallucination. Relative 287
Location questions assess the model’s ability to understand 288
the spatial relationship between audio and visual informa- 289
tion. These include determining whether a sound source 290
is located to the left, right, front, or behind the agent, as 291
well as reasoning about vertical position (e.g., above or be- 292
low), angular direction, and relative distance with respect to 293
a visual reference. Spatial and Semantic Correspondence 294
questions evaluate whether the model can jointly associate 295
the correct object class (semantic) and its location (spatial) 296
based on the audio signal. Semantic Co-occurrence ques- 297
tions focus on learning spatial audio understanding regard- 298
less of whether the corresponding visual object is explic- 299
itly visible, encouraging the model not to solely rely on an 300
object’s appearance. To diversify the question set and im- 301
prove naturalness, we utilize ChatGPT-4o to paraphrase and 302
expand each base question into multiple human-like varia- 303
tions. 304

4. Method 305

Our aim is to construct a model that can answer the ques- 306
tions in our proposed dataset by leveraging both visual and 307
spatial audio inputs. To this end, we design and train a 308
multi-modal large language model with both visual and bin- 309
aural audio inputs. The overall architecture is illustrated 310
in Figure 3. 311

Audio and Visual Encoders with Projector. Given an im- 312
age v and its corresponding audio a, our backbone networks 313
extract features from each modality. The vision encoder 314
fv processes a panoramic image frame and outputs a se- 315
quence of spatially aligned visual tokens, v ∈ RNv×Cv , 316
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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.

where Nv is the number of visual tokens and Cv is the fea-317
ture dimension of each token. We preserve the full spatial318
layout of patch tokens without pooling. The audio encoder319
fa takes the input spectrogram of a and produces a set of320
audio tokens, a ∈ RNa×Ca , where Na is the number of au-321
dio tokens and Ca is the corresponding feature dimension.322
Each modality-specific encoder is followed by a projector323
that maps the extracted features into the hidden dimension324
of the language model. The visual projector attends to the325
spatial visual features to generate NV projected tokens, and326
the audio projector similarly produces NA tokens from the327
audio features. These projected tokens are then passed to328
the large language model for multi-modal reasoning.329

Large Language Model. To bridge the audio and visual330
encoders, we utilize a large language model that takes as331
input the projected audio and image tokens along with the332
embedded question text. During fine-tuning, the model is333
optimized to generate the correct answer based on the given334
question and the corresponding multimodal inputs. Train-335
ing is performed using the standard language modeling ob-336
jective function that maximizes the likelihood of the target337
sequence using a cross-entropy loss applied at each token338
position.339

Warm Start of the Encoders. To ensure the effectiveness340
of each modality-specific representation, the audio and vi-341
sual encoders, along with their respective projectors, are342
pretrained in a unimodal setting using a large language343
model. We utilize the panorama image and binaural au-344
dio from our dataset and construct two types of auxiliary345
questions for each modality: classification and localization346
tasks. For the visual encoder, the classification task involves347
identifying visual objects at specific coordinates, phrased348
as “What visual objects did you detect at ({azimuth},349
{elevation}), {distance} meters?”, and the local-350
ization task asks for the predicted azimuth, elevation, and351

distance to a specified object class, stated as “What are the 352
predicted azimuth and elevation angles, and the distance to 353
the {class category}?”. The audio encoder is trained 354
with analogous tasks: the classification task asks “What 355
sound did you detect?”, while the localization task prompts 356
for spatial coordinates of the sound source with the ques- 357
tion “What are the predicted azimuth and elevation angles, 358
and the distance to the sound source?”. The visual encoder 359
adopts a progressive training scheme, first focusing on clas- 360
sification to learn semantic representations and then incor- 361
porating spatial grounding through a combined classifica- 362
tion and localization task. The audio encoder is trained on 363
both tasks jointly from the beginning. 364

5. Experiments 365

5.1. Implementation Details 366

Image Encoder fv . We use a SigLIP2 [47] vision en- 367
coder with the NaFLEX setting, which supports flexible im- 368
age resolutions and aspect ratios. The encoder processes a 369
panoramic image and outputs a sequence of patch tokens. 370
We apply LoRA [22] to fine-tune the patch embedding and 371
attention layers of the encoder during both the uni-modal 372
training and the audio-visual end-to-end training. 373

Audio Encoder fa. We use the pretrained Spatial-AST bin- 374
aural audio encoder from [52]. The model takes binaural 375
audio spectrograms as input and generates a sequence of 376
audio tokens that preserve spatial acoustic cues. The en- 377
coder was pretrained using the same audio event classifica- 378
tion and localization tasks proposed in [52]. This encoder 379
is kept frozen throughout the entire training process. 380

Modality-specific Projectors and Large Language 381
Model. We adopt the Q-Former architecture as the projec- 382
tor for both modalities. The audio-side projector is based on 383
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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 [39, 40] R+M 26.97 28.83 12.94 28.46 23.18 26.94 21.0
ACL-SSL [31] R+M 40.56 32.83 10.61 40.41 30.68 41.11 24.33
VideoLLaMA2 [9] 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

the implementation and pretrained weights from BAT [52],384
while the visual-side projector is adapted from BLIP-2 [25],385
using only the first two attention layers and their corre-386
sponding pretrained weights. The number of query tokens387
is set to N1 = 64 for audio and N2 = 128 for vision. All388
projector parameters are fully trainable. We adopt Qwen2-389
7B-Instruct [50] as our LLM backbone.390

Training Setup and Input Preprocessing. Inputs to our391
model consist of a single 224 × 812 panoramic image and392
a 10-second audio binaural waveform sampled at 32 kHz.393
We preprocess the image input following [47] and the audio394
input following [52]. Our full model is trained for 3 epochs395
on 8 A5000 GPUs with an effective batch size of 128, using396
a LoRA rank of 16 for the image encoder and LLM back-397
bone. The training takes three days. Additional training398
details are provided in the supplementary material.399

Warm-start Performance. Table 3 shows the uni-modal400
performance of the audio and visual encoders after warm-401
start pretraining. Both modalities achieve solid individ-402
ual results, demonstrating that each encoder learns effective403
modality-specific representations. These results serve as a404
reference for the subsequent multi-modal experiments.405

Baselines. Since no existing method directly addresses406
our proposed task, we introduce three baselines adapted407
from related domains. The first two baselines are audio-408
visual sound source localization approaches. Specifically,409
we adopt the framework proposed in [39, 40], which has410
demonstrated strong performance on synthetic benchmarks411
and exhibits robustness with multiple visual objects. [31]412
learns audio-driven embeddings compatible with the text413
encoder of CLIP[34] and leverages the CLIP-based segmen-414

tation network [28] to achieve tight localization results. Al- 415
though they do not handle language understanding, we eval- 416
uate them using cross-modal retrieval and localization met- 417
rics. Implementation details are provided in the supplemen- 418
tary material. The third baseline is the VideoLLaMA2[9], 419
multi-modal large language model (MLLM), the closest 420
prior work to ours in terms of multimodal reasoning. For 421
a fair comparison, we replace its original vision and au- 422
dio encoders with the same encoders used in our method, 423
Spatial AST[52] and SigLIP2 NaFLEX [47], and fine-tune 424
the model on our proposed dataset using the same LLM 425
backbone. Notably, the baseline uses monaural audio in- 426
put, whereas our method leverages binaural cues. Since the 427
sound source localization approaches are not designed for 428
reasoning tasks (e.g., Q2, Q3, Q4, Q5, Q6, Q9), we evaluate 429
them only on tasks that do not require language processing. 430
The metrics in Table 2 cover classification and direction of 431
arrival (DoA). Q1 (aligned) and Q1 (non-matching) indicate 432
sound source localization task where the source is semanti- 433
cally aligned and non-aligned with the audio, respectively. 434

5.2. Main Results 435

We present our results in Table 2, showing that only our 436
model effectively addresses spatial reasoning scenarios. For 437
sound classification tasks (Q1, Q7, Q8), sound source local- 438
ization approaches outperform the Question Only setting, 439
which serves as a random baseline. VideoLLaMA2 shows 440
comparable performance to our model, particularly in Q1 441
(aligned) and Q7 (DoA), where semantic cues are sufficient 442
for localization due to the presence of a single matching 443
visual object with audio. Monaural audio is sufficient to 444
localize the sound source, allowing baseline models to per- 445
form consistently without spatial audio cues. However, in 446
Q1 (non-matching) and Q8 (DoA), spatial reasoning is es- 447
sential for different reasons. In Q1 (non-matching), the vi- 448
sual object at the sound source is semantically unrelated to 449
the audio, requiring spatial cues to correctly associate the 450
sound with the aligned object. In Q8 (DoA), multiple ob- 451
jects share the same sound category, making it necessary 452
to differentiate between them using spatial cues. In both 453
cases, baseline models perform significantly worse. Vide- 454
oLLaMA2, which shares the same architecture as ours but 455
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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

lacks binaural audio, achieves approximately 50% accuracy456
in Q8 (DoA), indicating its inability to distinguish between457
visually similar objects that semantically match the audio.458
Since all baseline models use only monaural audio, they459
lack spatial information, making spatial reasoning impos-460
sible.461

5.3. Ablation Studies 462

Table 4 shows that both image (R: RGB) and binaural au- 463
dio (B) inputs are crucial for spatial reasoning. It compares 464
R+B+Q, R+M+Q (M: monaural), B+Q, M+Q, and R+Q (Q: 465
question), highlighting that binaural audio provides spatial 466
cues while monaural lacks directional information. The fol- 467
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lowing is an analysis of the performance for each question468
type. Oracle performance assumes ideal audio and visual469
encoders using metadata.470
Question 1 involves sound and visual object classification,471
with half of the samples containing a non-matching visual472
object at the sound source. Both R+B+Q and R+M+Q show473
similar sound classification accuracy (52.69% and 51.01%),474
suggesting comparable semantic cues from monaural and475
binaural audio. However, in coming-from accuracy,476
R+B+Q (69.64%) outperforms R+M+Q (64.10%), high-477
lighting the spatial advantage of binaural audio.478
Questions 2, 3, and 4 assess distance and relative location479
between the sound source and visual objects, requiring spa-480
tial reasoning across modalities. For visible audio, R+M+Q481
achieves 66.52% in Q3 and 59.03% in Q4, performing sim-482
ilarly to R+B+Q (69.73% and 65.68%). When the sound483
source is invisible, R+B+Q shows a clear advantage, out-484
performing R+M+Q in Q3 (59.52% vs. 47.29%) and Q4485
(41.18% vs. 16.71%). This highlights the role of binaural486
audio in capturing spatial cues that monaural audio with vi-487
sual input cannot provide.488
Questions 5 and 6 both involve identifying the sound-489
producing object but differ in complexity based on the num-490
ber of visual objects that match the sound. In Q5, with only491
one matching object, visual context alone provides suffi-492
cient spatial information for localization. R+M+Q lever-493
ages visual cues effectively, achieving a sounding accuracy494
of 64.54%. With no visual ambiguity, the model can reli-495
ably associate the sound with the correct object using spa-496
tial information from the visual signal. In Q6, two visu-497
ally similar objects match the sound, introducing ambiguity.498
R+M+Q’s performance drops to 52.33%, as visual context499
alone is no longer sufficient to distinguish between the two500
objects, leading to random guessing. In contrast, B+Q and501
R+B+Q maintain consistent performance across both ques-502
tions. In Q5, they achieve 59.48% and 75.60%, respectively,503
and in Q6, their performance remains stable at 59.33% and504
72.33%. This stability is due to binaural audio, which pro-505
vides explicit spatial cues, enabling the model to localize506
the sound source based solely on directional information,507
unaffected by visual similarity. These results indicate that508
when there is only one matching object (Q5), R+M+Q can509
effectively use visual spatial information. However, when510
multiple visually similar objects are present (Q6), spatial511
audio cues become essential, allowing B+Q and R+B+Q to512
maintain stable performance regardless of visual similarity.513
These results highlight the importance of binaural audio in514
resolving ambiguity in complex visual scenes.515
Questions 7 and 8 both involve sound classification and516
localization but differ in the number of visual objects that517
correspond to the audio, with two in Q8 and one in Q7.518
In Q8, two visually similar objects correspond to the au-519
dio, making it difficult for the model to distinguish between520

them using visual information alone. R+M+Q and B+Q 521
show similar DoA accuracy (46.37% and 47.69%), but their 522
Avg. DoA errors differ, with R+M+Q at 50.80° and B+Q at 523
32.32°. R+M+Q relies on visual context for spatial cues, but 524
semantic ambiguity between the two objects complicates 525
localization, leading to random selection and higher error. 526
In contrast, B+Q, using binaural audio, focuses solely on 527
directional information, perceiving only one sound source 528
without considering object-level ambiguity, resulting in a 529
lower error. R+B+Q achieves the lowest error (23.78°) by 530
combining spatial audio and visual inputs. In Q7, the audio 531
corresponds to a single object, eliminating semantic ambi- 532
guity. In this case, the performance of R+M+Q and B+Q 533
reverses from Q8. R+M+Q records a lower error (22.41°) 534
than B+Q (33.02°), indicating that when only one object 535
is present, visual spatial information can effectively guide 536
localization without semantic confusion. These results sup- 537
port the findings in Q5 and Q6, emphasizing the role of spa- 538
tial audio in disambiguating visually similar objects. 539
Question 9 involves sound classification and localization 540
while also requiring the model to determine whether the 541
object is visually present at the sound source. This task de- 542
mands both audio and visual semantic understanding. Both 543
multi-modal settings (R+B+Q, R+M+Q) successfully ad- 544
dress this question. 545
Modality Setting Cross-Evaluation. To assess the im- 546
pact of vision signals and binaural audio during training, 547
we evaluate the model trained on R+B+Q under R+M+Q 548
and B+Q settings. While Q7 and Q8 show minimal change, 549
Q5 and Q6 exhibit noticeable gaps in sounding accuracy. 550
This might come from Q5 and Q6 only requiring yes/no 551
responses given a location, without the detailed localiza- 552
tion required in Q7 and Q8. Consequently, the model in 553
the B+Q setting may not effectively leverage spatial reason- 554
ing for these tasks. However, with visual signals, the model 555
gains implicit spatial cues that align audio locations with 556
the visual scene, potentially enhancing spatial audio under- 557
standing. Thus, the presence of visual information may be 558
beneficial even for learning spatial audio cues. 559

6. Conclusion 560

We introduce a new task, audio-visual spatial reasoning, 561
along with the Hear You Are LLM and QA dataset. Un- 562
like prior work that focuses on semantic or temporal align- 563
ment, our approach emphasizes spatial reasoning by inte- 564
grating binaural audio and visual inputs. We build a large- 565
scale dataset covering diverse spatial scenarios and propose 566
a multimodal framework combining spatial encoders with 567
a large language model. Experiments show that monaural 568
audio with vision or unimodal binaural methods lack the 569
capacity for spatial reasoning. These results underscore the 570
importance of spatial reasoning in robust multimodal un- 571
derstanding and set a new benchmark in audio-visual learn- 572
ing. 573
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