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Abstract001

Spatial perception is central to auditory in-002
telligence, enabling accurate understanding003
of real-world acoustic scenes and advancing004
human-level perception of the world around005
us. While recent large audio-language mod-006
els (LALMs) show strong reasoning over com-007
plex audios, most operate on monaural inputs008
and lack the ability to capture spatial cues009
such as direction, elevation, and distance. We010
introduce SPUR, a lightweight, plug-in ap-011
proach that equips LALMs with spatial per-012
ception through minimal architectural changes.013
SPUR consists of: (i) a First-Order Ambisonics014
(FOA) encoder that maps (W, X, Y, Z) chan-015
nels to rotation-aware, listener-centric spatial016
features, integrated into target LALMs via a017
multimodal adapter; and (ii) SPUR-Set, a spa-018
tial QA dataset combining open-source FOA019
recordings with controlled simulations, empha-020
sizing relative direction, elevation, distance,021
and overlap for supervised spatial reasoning.022
Fine-tuning our model on the SPUR-Set consis-023
tently improves spatial QA and multi-speaker024
attribution while preserving general audio un-025
derstanding. SPUR provides a simple recipe026
that transforms monaural LALMs into spatially027
aware models. Extensive ablations validate the028
effectiveness of our approach. Code and data029
will be released.030

1 Introduction031

Understanding where sounds originate, how far032

they are, and how they move is central to machine033

listening in real environments–from multi-party in-034

teraction and telepresence to AR/VR and robot nav-035

igation. Spatial audio provides these cues explic-036

itly, like interaural timing/level differences; HRTFs,037

and modern systems deploy a variety of spatial for-038

mats, notably scene-based First-Order Ambison-039

ics (FOA), channel-based surround, and object-040

based renderers. Prior work spans two comple-041

mentary thrusts: spatial understanding (detection,042

localization, separation, spatial scene consistency) 043

and spatial generation (spatialization, ambison- 044

ics/binaural synthesis), together with the formats, 045

datasets, and metrics that support them. Across 046

these efforts, FOA consistently emerges as a com- 047

pact, scene-aligned representation that captures 048

global spatial structure, yet there remains a clear 049

gap in methods that couple rich spatial audio per- 050

ception with language-based reasoning. Contempo- 051

rary large audio-language models (LALMs) are al- 052

most uniformly trained and evaluated on monaural 053

inputs (Gong et al., 2024; Deshmukh et al., 2023; 054

Chu et al., 2024); they answer “what,” but routinely 055

miss “where,” “how far,” and “in which relative ar- 056

rangement,” limiting downstream abilities such as 057

multi-speaker attribution, navigation, and audio- 058

guided manipulation, etc. 059

Significant progress has been made in monaural 060

audio comprehension with LALMs, including tasks 061

like temporal reasoning, general AQA/captioning, 062

etc. Some frontier LALMs include Audio 063

Flamingo 2 (Ghosh et al., 2025), Audio Flamingo 064

3 (Goel et al., 2025) GAMA (Ghosh et al., 2024), 065

SALMONN (Tang et al., 2024a), Pengi, Qwen- 066

Audio / Qwen-2-Audio and LTU by coupling audio 067

encoders with decoder-only LLMs by gated cross- 068

attention or prefixing strategies. Yet, despite the 069

breadth of reasoning tasks, these models operate 070

on monaural representations; explicit 3D spatial 071

cues such as direction, elevation, and distance re- 072

main out of scope in both inputs and supervision, 073

limiting downstream abilities like multi-speaker 074

attribution and overlap-aware inference. 075

Recent spatial LALMs fall into two major cate- 076

gories. 1) Binaural QA LALM: BAT (Zheng et al., 077

2024) fuses a binaural spatial encoder (Spatial- 078

AST) with LLaMA-2 and trains on synthetic bin- 079

aural scenes; its SpatialSoundQA covers detec- 080

tion/DoA/distance and pairwise relations, but the 081

answer space is yes/no or single-token answers over 082

less than two static sources, which limits evaluation 083
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beyond accuracy and under-rewards multi-hop or084

relational reasoning. 2) FOA-centric QA LALM:085

Towards Spatial Audio Understanding via QA (Su-086

darsanam and Politis, 2025) uses a real FOA dataset087

STARSS23 (Shimada et al., 2023), with scene-level088

QA derived from spatio-temporal captions, but only089

targets SELD-adjacent labels like presence, DoA090

bins, near/far, ordering, rather than open-ended091

multi-entity reasoning. Other approaches to in-092

fuse spatial perception into LLMs include injecting093

FOA intensity vectors into a Whisper–>Q-Former–094

>LLM pipeline and report strong self-supervised095

learning, primarily speech-only and not general QA096

(Tang et al., 2024b). Other adjacent efforts like097

SALM (Hu et al., 2025) introduce factorized spa-098

tial–semantic embeddings learned via contrastive099

pairing of FOA audio and text, enabling control-100

lable direction editing and zero-shot DoA tagging101

in a shared language-aligned space. SING targets102

egocentric, on-device assistance, fusing real-time103

DoA cues with ASR/LLM modules under latency104

and power constraints to support speech-centric105

queries in the wild. These approaches are novel in106

representation control (SALM) and wearable de-107

ployment (SING (Mishra et al., 2025)), but neither108

provides a general spatial QA system over diverse,109

multi-event FOA scenes.110

Our Contributions: In this work, we present111

SPUR, a lightweight plug-and-play approach that112

spatializes existing LALMs with minimal archi-113

tectural changes while preserving their general114

audio understanding and reasoning capabilities.115

Our key idea is to treat FOA as a scene-aligned116

carrier of spatial cues and to introduce rotation-117

aware, listener-centric features into an LALM via118

a lightweight multimodal adapter on the audio en-119

coder. To support training and evaluation, we fur-120

ther propose SPUR-Set, a task-focused spatial QA121

benchmark curated through a three-step pipeline122

with complex, reasoning-oriented QAs designed to123

teach essential spatial skills such as direction, eleva-124

tion, distance, and overlap. Unlike prior work that125

primarily focuses on binaural input, our method126

generalizes to multichannel spatial audio. Exten-127

sive experiments and ablations show the efficacy128

of our approach. Our main contributions are:129

1. We propose SPUR, a parameter-efficient spa-130

tial adapter that endows LALMs with fine-131

grained spatial perception. SPUR consists of132

a lightweight FOA encoder that transforms133

first-order Ambisonics (W,X, Y, Z) signals134

into rotation-aware, listener-centric represen- 135

tations, and an adapter that conditions the 136

target LALM without retraining its core lan- 137

guage components. This design enables drop- 138

in spatial reasoning while preserving gen- 139

eral audio understanding. Fine-tuning with 140

our proposed dataset consistently improves 141

on various spatial audio QA tasks, while 142

maintaining performance on non-spatial tasks– 143

demonstrating that spatial conditioning acts as 144

an additive capability rather than a trade-off. 145

2. We introduce SPUR-Set, a hybrid corpus com- 146

bining real FOA recordings and controlled 147

simulations, designed to emphasize spatial 148

reasoning and multi-speaker attribution across 149

complex, multi-event acoustic scenes. The 150

dataset includes spatially grounded captions 151

and six expert reasoning skills, providing a 152

rigorous benchmark for spatially aware au- 153

dio–language modeling. 154

3. We conduct extensive ablations on (a) FOA 155

feature design and rotation handling, (b) 156

adapter placement/width, and (c) data mix- 157

tures (real FOA vs. simulation), and provide 158

a structured comparison against language- 159

grounded and SELD-style supervision to pro- 160

vide clarity on spatial gains. 161

2 Related Work 162

Large Audio Language Models (LALMs): Large 163

Audio-Language Models (LALMs) have seen rapid 164

progress in perceptual and reasoning capabilities. 165

Early works such as LTU, SALMONN, GAMA, 166

Pengi, and Phi-4-MM (Abouelenin et al., 2025) 167

focused on short, monaural inputs and supported 168

only a limited set of perception and reasoning 169

tasks. More recent systems, including Qwen-2- 170

Audio, and Audio Flamingo (Kong et al., 2024), 171

expanded the skill set and extended input handling 172

to longer audio sequences, with models like Au- 173

dio Flamingo 2, Step-2-Audio (Wu et al., 2025), 174

and Kimi-Audio (KimiTeam et al., 2025) enabling 175

robust processing of long-form inputs. Advanced 176

models such as Audio Flamingo 3 and Omni Mod- 177

els such as Qwen-2.5-Omni (Xu et al., 2025a), 178

Gemini-2.5-Pro (Comanici et al., 2025), and GPT4- 179

o (OpenAI et al., 2024) further support multi-hop 180

reasoning across long audio and multichannel sig- 181

nals. Nevertheless, spatial audio reasoning with 182

LALMs remains an under-explored area. 183
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Spatial Audio Understanding: Recent works on184

LALMs have begun to explore spatial audio un-185

derstanding and reasoning. For instance, BAT186

leverages interaural phase difference and spec-187

tral features from binaural audio to construct spa-188

tially aware embeddings, which are fused with an189

LLM for spatial question answering. Similarly,190

Owl (Biswas et al., 2025) integrates geometry-191

aware spatial embeddings with a spatially grounded192

chain-of-thought prompting strategy. While the ap-193

proaches show promise, they are limited to binau-194

ral inputs and do not generalize to First-Order Am-195

bisonics (FOA), a four-channel format that encodes196

richer directional cues for immersive audio. This197

limitation motivates the development of methods198

that can directly ingest and exploit FOA signals.199

Another line of work focuses on the Sound Event200

Localization and Detection (SELD) task, which201

detects and tracks predefined sound events while202

estimating their Direction of Arrival (DoA). The203

DCASE Challenges (Diaz-Guerra et al., 2024)204

provide baselines that provide the groundwork205

for the task. Systems such as SELDnet (Ada-206

vanne et al., 2019), Spatial-AST (Zheng et al.,207

2024), SALSA (Nguyen et al., 2022), and FN-208

SSL (Wang et al., 2023) have demonstrated strong209

performance in the SELD Task. The DSpAST210

(Wilkinghoff and Tan, 2025) model provides im-211

proved performance on the SELD task, leverag-212

ing a disentangled spatial audio encoder that sepa-213

rates sound event, distance, and direction cues into214

task-specific branches. However, SELD models215

are restricted to closed sound classes and cannot216

operate in open-vocabulary settings. In contrast,217

ELSA (Devnani et al., 2024) introduces an FOA-218

based audio-text alignment encoder trained with219

contrastive learning, supporting open-vocabulary220

retrieval and 3D localization. These models pro-221

vide embeddings for detection and localization but222

do not yet enable reasoning over spatial audio.223

Spatial Audio Datasets: There are several datasets224

available for the SELD Task including STARSS22225

(Politis et al., 2022), STARSS23 (Shimada et al.,226

2023), and TAU-NIGEN (Politis et al., 2021) Spa-227

tial Sound Events. These datasets provide audio228

in FOA and MIC formats along with annotations229

of sound sources and their spatial location infor-230

mation. The L3DAS23 Competition (Gramaccioni231

et al., 2024) dataset also provides FOA audios and232

annotated spatial data for the SELD task. On the233

other hand, BAT paper proposes the SpatialQA234

dataset that contains binaural audio along with 235

question-answer pairs that probe the model’s un- 236

derstanding of the location information of a certain 237

sound event. These datasets focus on the SELD 238

task and do not provide any information on the 239

reasoning abilities of the Spatial Audio Language 240

Models. Additionally, since the datasets only focus 241

on non-speech sounds, there is a lack of datasets 242

on spatially-aware spoken language analysis. Our 243

proposed SPUR-set aims to bridge this gap. 244

3 Methodology 245

Figure 1 illustrates our proposed SPUR archi- 246

tecture. We design a lightweight spatial adapter 247

that can be seamlessly integrated with any exist- 248

ing LALM backbone to inject spatial awareness 249

through First-Order Ambisonics (FOA) cues. 250

Overview. SPUR transforms multi-channel am- 251

bisonic inputs into geometry-aware latent represen- 252

tations via a four-stage pipeline: FOA –> Spatial 253

Covariance Features –> 3D Convolutional Encod- 254

ing –> Transformer Adaptation. Outputs from the 255

Transformer Adaptation layer are directly fed into 256

an MLP, outputs from which are fed to the exist- 257

ing audio encoder of the LALM. Each stage is 258

described in detail below. 259

1. Banded Covariance Extraction. 260

Given an M -channel FOA signal x(t) = 261

[x1(t), x2(t), . . . , xM (t)]⊤ with M = 4 (W, X, 262

Y, Z), we first compute its short-time Fourier 263

transform (STFT) to obtain 264

X(n, f) = [DFT(x1, n, f), . . . ,DFT(xM , n, f)]⊤,
(1) 265

where n indexes the time frame and f the frequency 266

bin. Following (Meng et al., 2025), we compute a 267

banded covariance matrix for each mel band b: 268

Cx(n, b) =
1

|Bb|
∑
f ′∈Bb

Wb(f
′)X(n, f ′)X(n, f ′)H ,

(2) 269

where Bb denotes the set of DFT bins in the b-th 270

mel band and Wb(f
′) are normalized mel weights 271

such that
∑

f ′ Wb(f
′) = 1. This representation 272

encodes bandwise energy and inter-channel phase 273

correlations–crucial for spatial reasoning. 274

2. One-Pole Temporal Smoothing. To ensure 275

temporal stability while preserving motion cues, 276

we apply a one-pole exponential smoothing filter: 277

C′
x(n, b) = (1− α)Cx(n, b) + αC′

x(n− 1, b),
(3) 278
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Figure 1: Illustration of our proposed SPUR approach for spatial LALMs. SPUR introduces spatial awareness into existing
LALM encoders by converting multi-channel FOA inputs into geometry-aware embeddings. We first extract spatial covariance
features through banded covariance computation, one-pole temporal smoothing, and real-valued vectorization. We then project
these spatial features via convolution, patching, and transformer blocks into the audio encoder’s embedding space. The adapted
spatial embeddings are then passed through a projector into the LLM. Only the SPUR-Encoder, MLP, and LoRA layers are
fine-tuned, while the base audio encoder and LLM remain frozen.

where α ∈ [0, 1) is a learnable smoothing coef-279

ficient optimized jointly with the downstream en-280

coder. This step reduces frame-wise variance and281

enhances continuity in dynamic scenes.282

3. Real-Valued Vectorization. Each smoothed283

covariance C′
x(n, b) ∈ CM×M is Hermitian. We284

flatten it into a real-valued vector by separating285

diagonal power terms and off-diagonal correlation286

terms. For each off-diagonal conjugate pair (i, j),287

we apply the transformation:288 [
rij,1
rij,2

]
=

1√
2

[
1 1
−i i

] [
C ′
x,ij

C ′∗
x,ij

]
, (4)289

resulting in a real-valued Spectro-Spatial Covari-290

ance Vector (SSCV):291

SSCV(n, b) =
[
log r1, r2/r1, . . . , rM2/r1

]⊤
.

(5)292

This vector encodes both intra-channel energy and293

inter-channel spatial correlations in a normalized294

real domain.295

4. Spatial Feature Extraction. The SSCV tensors296

RT×B×M2
are passed to a stack of 3D convolu-297

tional layers inspired by the FOA-Conv3D encoder298

of Meng et al. (2025). Each block consists of two299

Conv3D layers with kernel size (1, 3, 3), followed300

by layer normalization and 3× 3× 3 max-pooling.301

Given an input tensor Z0 = SSCV, the k-th block302

computes: 303

Z′
k = σ

(
Conv3Dk(Zk−1)

)
, (6) 304

Zk = Pool3D
(
Conv3D′

k(Z
′
k)
)
, (7) 305

where σ denotes a ReLU nonlinearity. This op- 306

eration captures joint correlations over time (T ), 307

frequency bands (B), and spatial channels (M ), 308

yielding phase-aware volumetric features ZK . 309

5. Patch Tokenization and Transformer Adap- 310

tation. The extracted 3D features are divided into 311

non-overlapping 16× 16 spatial-frequency patches 312

and linearly projected into embeddings ep ∈ Rd: 313

ep = Wp · vec(ZK [p]) + bp, 314

which form a sequence {e1, . . . , eP } processed by 315

a stack of N transformer encoder layers: 316

h0 = {ep}, (8) 317

hℓ = FFN
(
MHA(LN(hℓ−1)) + hℓ−1

)
, (9) 318

producing geometry-aware scene tokens hN . 319

6. Audio-Encoder Adaptation and LLM Inte- 320

gration. The transformer outputs are first adapted 321

to the input dimensionality of the audio encoder 322

through a lightweight MLP: 323

zadapt = MLP(hN ), (10) 324

where MLP comprises two linear layers with 325

GELU activations. These adapted spatial embed- 326

dings are then injected into the existing audio en- 327
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LALM

Audio Source 
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Multi-Channel 
Audio

Speech Transcriptions

QA Pairs

Captions

Spatial Audio 
Metadata

Test Set
Human Verification

A door repeatedly opens and closes, too close in front. Throughout, several people from the front and left are heard knocking,
making domestic sounds, and clapping. Midway, a woman speaks amidst these frequent overlaps, with a musical instrument heard
briefly at the end.

Spatial Priority & Source Intent
Inference

Question: In the given audio, amidst the
continuous, low-frequency presence,
which direction provides the most
coherent and sustained message before
the other distinct, short-lived acoustic
occurrences take prominence?

Question: At the very end of the
recording, after the domestic sounds and
telephone fade, there's a distinct, sharp
percussive sound followed by a human
voice. Which of these two sounds feels
more acutely present or intimately close
to the listening point?

Proximity-Based Decision Making

Directional Conflict Resolution

Group Dynamics & Spatial Clustering

Spatially fine-grained Caption

Environmental Awareness Navigation

Question: How does the speaker's
personal motivation for visiting relate to
their professional engagement with the
person they are seeing?

Question: Toward the end of the audio, a
continuous expression of amusement
overlaps with two separate sudden, abrupt
sounds. Considering the timing and
spatial presentation, which of these abrupt
sounds appears to originate from a similar
general area as the following appreciative
gesture?"

Question: Based on the woman's urgent
and interrogative speech, which
concurrently occurring, precise
mechanical sound does she appear to be
directly addressing, suggesting an
interaction within her localized
environment?

Question: If you were positioned to
clearly face the rhythmic clatter, and
the speaking voice began shortly after
the ringing sound concluded, would
that voice be coming from the same
general side as the ringing sound, or
from an entirely different direction?

Scene Reconfig. & Mental Rotation
SPUR-SET Curation Pipeline

SPUR-SET Examples

Figure 2: Overview of the SPUR-Set curation pipeline and example tasks. The left panel illustrates the multi-stage pipeline used
to construct SPUR-Set. Multi-channel FOA recordings are selected, transcribed with Whisper, captioned with an LALM, and
paired with spatial metadata (sound events, elevation, distance). This is followed by passing this information to a frontier text-only
LLM to produce skill-oriented question–answer pairs. A part of the outputs undergo human verification for SPUR-Set-Test. The
right panel presents representative examples across the six reasoning skill categories in SPUR-Set.

coder:328

haudio = AudioEncoder(zadapt), (11)329

which produces spatially enriched representations.330

Finally, the LALM consumes the encoder output:331

yLLM = LLM(haudio), (12)332

enabling spatially-grounded reasoning, e.g., identi-333

fying sound direction, source interaction, or spatial334

disambiguation across multiple talkers.335

3.1 SPUR-Set336

We introduce SPUR-Set, a fine-grained, captioned337

spatial-audio reasoning corpus designed to teach338

and evaluate models on spatial perception and ex-339

pert auditory reasoning. SPUR-Set comprises six340

novel skill-focused datasets, each built through cus-341

tom data curation pipelines that together form a342

core contribution of this work.343

FOA Multi-Event Corpus. We curate a multi-344

event FOA corpus combining real recordings and345

physically grounded simulations in the STARSS23346

format. The real subset integrates strongly labeled347

FOA recordings from STARSS23, TAU-NIGENS,348

and L3DAS23, emphasizing clips with overlapping349

speech and non-speech events. To increase acoustic350

and spatial diversity, we synthesize FOA scenes by351

convolving dry sources with parameterized room352

impulse responses while controlling room geome-353

try, absorption, microphone layout, source motion354

(static/moving), distance, and SNR.355

Caption and QA Generation. Synthesizing356

reasoning-focused Q&As for spatial audio is non-357

trivial since most frontier models lack explicit358
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(a) Azimuth Distribution

(b) Elevation Distribution

Figure 3: Azimuth and elevation angle distributions in the
train set, displaying source directions relative to the listener.

spatial perception and existing datasets remain 359

speech-centric with simple directional cues. To 360

overcome this, we design a six-step caption-to- 361

QA pipeline (Fig. 2) that generates fine-grained, 362

spatially grounded annotations: (1) Audio source 363

selection: we choose multi-event FOA recordings 364

or simulated scenes containing overlapping speech 365

and non-speech events; (2) Speech transcription: 366

transcribe all speech segments using Whisper (Rad- 367

ford et al., 2022) with temporal and spatial align- 368

ment; (3) Metadata extraction: obtain spatial 369

labels–event class, direction-of-arrival (azimuth 370

and elevation angles – distributions are shown in 371

Figure 3), and distance–from STARSS23-format 372

annotations or simulation parameters; (4) Base 373
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caption generation: produce non-spatial captions374

using Audio Flamingo 3, describing speech, am-375

bient, and musical context; (5) Spatial caption376

refinement: we condition GPT-5 on base captions377

and spatial metadata to generate detailed, spa-378

tially aware captions encoding direction (“front-379

left,” “rear-right”), proximity (“near,” “far”), attenu-380

ation, and event overlap; and (6) Skill-oriented QA381

generation: we then combine refined captions and382

transcripts to construct reasoning-focused Q&As383

across the six spatial skills defined as follows:384

1. Spatial Priority & Source Intent Infer-385

ence: The task is to determine which source386

a speaker attends or responds to by align-387

ing timing, direction, and persistence (e.g.,388

a talker turns to answer a buzzer at the389

right-front).Skills: temporal alignment, cross-390

modal referencing, directional awareness.391

2. Proximity-Based Decision Making: The392

task is to infer interaction likelihood or risk un-393

der clutter using near/far cues, SPL, and SNR.394

Skills: distance reasoning, energy-based infer-395

ence, interaction likelihood estimation.396

3. Directional Conflict Resolution: The task397

is to identify the most dominant or intelligi-398

ble source amid overlapping streams. Skills:399

spatial stream selection, cue fusion across az-400

imuth/elevation, interference robustness.401

4. Group Dynamics & Spatial Clustering: The402

task is to detect spatially or temporally coher-403

ent groups (e.g., multiple voices in one con-404

versation). Skills: spatial clustering, temporal405

coherence, group membership attribution.406

5. Environmental Awareness & Navigation:407

The task is to choose optimal actions under408

spatial noise (e.g., selecting the quietest direc-409

tion for a call). Skills: global scene scanning,410

directional density estimation, spatial policy411

reasoning.412

6. Scene Reconfiguration & Mental Rotation:413

Mentally rotates the listener’s frame (e.g.,414

±90◦, 180◦) and updates all source bearings415

while preserving layout. Skills: geometric rea-416

soning, rotational transforms, relational con-417

sistency.418

Auxiliary Spatial Supervision. To reinforce spa-419

tial grounding beyond reasoning, SPUR-Set also420

incorporates a SELD (Sound Event Localization421

and Detection) objective–jointly predicting event422

class, activity, and direction-of-arrival (DOA). This423

auxiliary supervision stabilizes the spatial prior and 424

enhances fidelity for all six reasoning skills during 425

both QA generation and evaluation. 426

4 Experiments 427

Training and Hyper-parameters. We evaluate 428

our proposed SPUR-Encoder by integrating it into 429

two state-of-the-art LALMs: Audio Flamingo 3 430

and Qwen2.5-Omni. As shown in Fig. 1, all origi- 431

nal components of the base LALMs–including the 432

audio encoder and the language model-are kept 433

frozen, while only the newly introduced adapter 434

layers are fine-tuned. Specifically, during train- 435

ing, we (1) freeze the pretrained audio encoder 436

to preserve its core acoustic representations, (2) 437

fine-tune the Spatial Feature Extractor (compris- 438

ing convolution, patch, and transformer layers) and 439

the MLP projection head to align the spatial em- 440

beddings with the LALM’s input space, and (3) 441

insert a LoRA module (Hu et al., 2021) into every 442

transformer layer of the LLM, using a rank of 8 443

to enable efficient adaptation without altering the 444

base weights. 445

We train all models with mixed-precision 446

AdamW optimization (learning rate 1 × 10−4, 447

weight decay 0.01) and a cosine schedule with 5% 448

warm-up. The batch size is set to 64, and training 449

is conducted for 3 epochs on 8×A100 GPUs. In- 450

put audio is resampled to 16 kHz and truncated or 451

zero-padded to 10 s per sample. For each LALM, 452

the SPUR-Encoder is trained end-to-end with the 453

downstream instruction-tuning objective using spa- 454

tial reasoning Q&A pairs from SPUR-Set. The 455

total cost to train the models across these settings 456

for 12 hours is ∼ $500. 457

Baselines. To our knowledge, this is the first work 458

that directly ingests first-order ambisonics (FOA; 459

WXYZ) in an audio encoder to spatialize large au- 460

dio–language models (LALMs) and improve their 461

spatial audio perception. We compare against three 462

categories: 1. Spatial QA baseline. We use BAT 463

(binaural-only) as a representative spatial QA base- 464

line. Because BAT cannot process multichannel 465

FOA, we evaluate it on SPUR-Set after converting 466

FOA recordings to a binaural format. This isolates 467

the effect of spatial representation: our models 468

see FOA directly, while BAT receives the same 469

content rendered to binaural. 2. Mono-channel 470

LALM probes (diagnostic, not competitive). We 471

additionally probe single-channel SOTA LALMs– 472

Audio-Flamingo 3, Qwen2.5-Omni, Kimi Audio, 473
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Model GDSC SPSI EAN PBDM SELD DCR SR Avg.

Audio Flamingo 3 (Goel et al., 2025) 7.53 5.70 4.88 3.67 3.89 4.75 3.21 4.80
Kimi-Audio (KimiTeam et al., 2025) 6.86 4.91 3.79 3.54 3.53 4.62 2.93 4.31
Qwen-3-Omni (Xu et al., 2025b) 4.68 4.17 3.75 3.13 3.22 3.38 3.77 3.73
Gemini (Comanici et al., 2025) 5.49 4.87 3.07 2.93 3.36 3.05 3.70 3.78
GPT4-o (OpenAI et al., 2024) 7.13 5.79 4.03 3.79 3.45 3.33 4.00 4.50
BAT (Zheng et al., 2024) 1.44 2.28 3.008 2.26 2.20 3.44 2.72 2.48

Qwen-2.5-Omni w/ SPUR 7.30 7.15 7.85 7.22 7.16 7.16 7.20 7.38
Audio-Flamingo 3 w/ SPUR 7.25 7.04 7.21 7.18 7.02 7.30 7.06 7.27

Table 1: Task-wise aggregate scores of leading stereo LALMs across seven spatial reasoning dimensions. GDSC:
Group Dynamics & Spatial Clustering, SPSI: Spatial Priority & Source Intent, EAN: Environmental Awareness
& Navigation, PBDM: Proximity-Based Decision Making, SELD: Sound Event Localization & Detection, DCR:
Directional Conflict Resolution, and SR: Scene Recognition. The best results are shown in bold, and the second-best
results are underlined. All scores are out of 10.

Model Spatial Consistency↑ Reasoning Depth↑ Relevance↑ Error Rate %↓

Audio Flamingo 3 (Goel et al., 2025) 4.94 3.63 5.83 48.48
Kimi-Audio (KimiTeam et al., 2025) 4.43 3.18 5.17 54.69
Qwen-3-Omni (Xu et al., 2025b) 3.86 3.22 4.86 69.74
Gemini (Comanici et al., 2025) 3.85 3.80 4.81 68.84
GPT4-o (OpenAI et al., 2024) 4.69 3.82 5.63 58.57
BAT (Zheng et al., 2024) 2.49 1.38 2.80 84.05

Qwen2.5-Omni w/ SPUR 7.61 5.69 8.25 22.08
Audio-Flamingo 3 w/ SPUR 7.50 5.51 8.24 22.99

Table 2: Comparison of models on SPUR-Set using five evaluation metrics (with LLM-as-a-judge): Spatial
Consistency, Relevance, Reasoning Depth and Error Rate. The best results are shown in bold, and the second-best
results are underlined. All the scores are out of 10 except for the error rate (100).

.

Model Clarity Correctness Avg

Audio Flamingo 3 (Goel et al., 2025) 3.8 3.2 3.5
Qwen-3-Omni (Xu et al., 2025b) 3.9 3.5 3.7
Qwen2.5-Omni w/ SPUR 3.6 2.9 3.2
Audio-Flamingo 3 w/ SPUR 3.4 2.2 2.8

Table 3: Human evaluation of SPUR on the SPUR-Set.

Gemini, and GPT–on SPUR-Set in their default474

inference paths that effectively collapse inputs to475

one channel. These results are diagnostic controls,476

not head-to-head baselines: they quantify the loss477

of spatial reasoning when spatial structure is re-478

moved at the input, thereby highlighting the kinds479

of spatial cues current mono-centric pipelines fail480

to exploit. All probing uses identical prompts and481

decoding settings to avoid confounds.482

We emphasize that some relevant models like483

SING (Mishra et al., 2025) are not publicly avail-484

able or lack open-source code/training recipes,485

which constrains direct comparisons. Across all 486

baselines, we strictly adhere to each model’s na- 487

tive input format and published evaluation setup, 488

and we keep task instructions, scoring, and dataset 489

partitions identical to ensure methodological parity. 490

Evaluation Metrics. We evaluate our integrated 491

LALMs with the SPUR-Encoder on SPUR-Set for 492

spatial QA and on STARSS23 and TAU-NIGENS 493

for event localization and detection. For open- 494

ended QA, we adopt an LLM-as-judge (Gemini) 495

protocol that assigns an Avg. Score as a holistic 496

quality measure and separately rates Spatial Con- 497

sistency, Reasoning Depth, and Relevance, while 498

also computing an Error Rate as the percentage 499

of responses exhibiting contradictions, omissions, 500

hallucinations, or vagueness. We further perform 501

human-expert evaluation on model outputs based 502

on Clarity and Correctness of the answers on a 503

range of 1-5 shown in Table 3, with more details in 504
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Dataset Models Results

MMAU
Avg

Qwen-2.5-Omni 71.00
Qwen-2.5-Omni w/ SPUR 68.01

Audio-Flamingo 3 72.28
Audio-Flamingo 3 w/ SPUR 65.07

MMAR

Qwen-2.5-Omni 56.7
Qwen-2.5-Omni w/ SPUR 54.60

Audio-Flamingo 3 58.5
Audio-Flamingo 3 w/ SPUR 52.00

MMSU

Qwen-2.5-Omni 60.68
Qwen-2.5-Omni w/ SPUR 56.67

Audio-Flamingo 3 61.4
Audio-Flamingo 3 w/ SPUR 55.78

Table 4: Performance of Qwen-2.5-Omni w/ SPUR and
Audio-Flamingo 3 w/ SPUR on popular audio understand-
ing and reasoning benchmarks.

Appendix H. SELD performance is reported using505

the official metrics–localization error in degrees,506

localization recall, F-score, and error rate at angu-507

lar thresholds. We present main results as head-508

to-head comparisons of AF3+SE and Qwen2.5-509

Omni+SE against their single-channel counterparts,510

the BAT baseline on binauralized inputs, and strong511

SELD baselines, ensuring matched token budgets512

and identical prompting where applicable. The513

SPUR-Set test split comprises 6k QA items, evenly514

distributed at 1k per skill, enabling per-skill with515

overall analysis of spatial grounding and multi-step516

reasoning.517

We also evaluate Qwen-2.5-Omni w/ SPUR518

and Audio-Flamingo 3 w/ SPUR on standard QA519

datasets in Table 4, which shows that models still520

retain their prior reasoning capabilities when spa-521

tialized.522

5 Results523

Table 1 compares LALMs with and without SPUR524

across seven spatial skills on SPUR-Set.525

Qwen-2.5-Omni w/ SPUR and Audio-526

Flamingo 3 w/ SPUR deliver substantial gains on527

SPSI, PBDM, DCR, SR, and EAN, underscoring528

the value of explicit spatial inductive bias and529

targeted supervision. Notably, vanilla Audio530

Flamingo 3 remains competitive on GDSC task,531

as this task focuses primarily on temporal/semantic532

grouping more than fine-grained geometry; AF3’s533

strong long-context reasoning and CoT-style534

planning, aided by coarse stereo cues, naturally535

supports multi-source clustering. 536

Table 2 reports aggregate metrics like Spatial 537

Consistency, Reasoning Depth, Relevance, and Er- 538

ror Rate used in evaluation. SPUR consistently im- 539

proves Spatial Consistency and lowers Error Rate, 540

aligning with the per-task gains that reward sta- 541

ble bearings under rotation and overlap. In con- 542

trast, BAT underperforms across tasks and metrics 543

as BAT’s pipeline and training targets emphasize 544

coarse spatial perception and largely single-pass an- 545

swering. SPUR-Set requires fine-grained geometry 546

(azimuth/elevation/distance), rotation consistency, 547

and multi-step inference. This explains the weak 548

reasoning and hence a drop in the scores. All re- 549

sults are averaged across 3 runs. We also explore 550

the spatial audio-visual perception of the model 551

trained only on spatial audio data, and more details 552

on this and presented in Appendix C. 553

Table 3 reports expert human evaluations of 554

model outputs on the SPUR-Set. Across both clar- 555

ity and correctness, models integrated with SPUR 556

demonstrate competitive performance with respect 557

to their base models, suggesting that enhanced spa- 558

tial reasoning can be achieved without compromis- 559

ing human-perceived output quality. 560

6 Conclusion 561

In this paper, we propose SPUR, a spatial adapter 562

approach designed to equip LALMs with fine- 563

grained spatial perception and reasoning capabil- 564

ities. SPUR integrates a lightweight, parameter- 565

efficient SPUR-Encoder that extracts geometry- 566

aware features from multi-channel FOA audio 567

through covariance modeling, temporal smooth- 568

ing, and transformer-based spatial encoding. When 569

integrated into existing LALMs such as Audio 570

Flamingo 3 and Qwen2.5-Omni, SPUR enables 571

accurate reasoning over multi-speaker, reverber- 572

ant, and physically grounded sound scenes while 573

keeping the core model frozen and fine-tuning 574

only the adapter and LoRA layers. We also in- 575

troduce SPUR-Set, a first-of-its-kind spatial rea- 576

soning benchmark containing diverse multi-event 577

FOA recordings, spatially grounded captions, and 578

six novel reasoning skills–from proximity infer- 579

ence and directional conflict resolution to mental 580

rotation and environmental awareness. Together, 581

SPUR and SPUR-Set establish a foundation for spa- 582

tially intelligent audio–language modeling, bridg- 583

ing the gap between auditory scene understanding 584

and high-level reasoning. 585
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Limitations and Future Work586

While SPUR and SPUR-Set mark important steps587

toward spatially aware audio–language models,588

several limitations remain. First, SPUR currently589

operates on FOA, which constrains spatial reso-590

lution and directionality. Extending the encoder591

to higher-order formats or mixed microphone ar-592

rays could further enrich geometric fidelity and593

scene coverage. Second, our dataset primarily fo-594

cuses on controlled room acoustics and limited595

real-world diversity; scaling SPUR-Set with in-the-596

wild spatial audio and multilingual scenes would597

improve generalization. Third, although SPUR ef-598

ficiently adapts pretrained LALMs via lightweight599

fine-tuning, the adapter still relies on static em-600

beddings and does not model listener movement601

or dynamic viewpoint shifts. Finally, our evalua-602

tion centers on spatial reasoning and multi-speaker603

understanding, leaving open opportunities to ex-604

plore cross-modal extensions–integrating vision,605

3D geometry, and reinforcement-driven auditory606

navigation. Future work will investigate these di-607

rections, moving toward a unified approach for spa-608

tially grounded multimodal intelligence, including609

audio-visual and omni models. We also want to610

extend them to multi-channel audio outputs.611
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3. Section D QA Examples803

4. Section E: Dataset Licenses804

5. Section F: Use of AI805

6. Section G: Broader Impact & Risks806

7. Section H: Human Annotation807

8. Section I: Prompts808

B Dataset Details809

Our SPUR-Set combines both real spatial record-810

ings and simulated multi-source recordings. We811

show the distribution of azimuth and elevation812

angles for every sound event class in Figures 4 and813

5, respectively. For real audios we use:814

STARSS23 (Shimada et al., 2023) multichannel815

recordings with spatio-temporal event annotations.816

We adopt the dataset format (track structure, target817

classes, SELD labels) for interoperability with818

SELD tooling.819

TAU-NIGENS Spatial Sound Events 2021 (Poli-820

tis et al., 2021) which offers spatialized scenes821

created via measured room impulse responses822

(RIRs) spanning multiple rooms, directions, and823

distances.824

L3DAS23 (Tasks 1 & 2) (Gramaccioni et al.,825

2024) providing B-format (FOA) multi-source826

3D audio with optional RGB views and extensive827

simulated RIR coverage; we treat Task-1 (speech828

enhancement) and Task-2 (ASR) splits as addi-829

tional spatial audio sources.830

831

On top of the real corpora, we construct 10k832

simulated mixtures in a STARSS23-compatible833

format (multichannel waveforms, overlapping834

sources, and event/DoA metadata). These sim-835

ulations follow the same scene/label schema as836

STARSS23 to ensure plug-and-play evaluation837

with SELD baseline.838

839

B.1 Simulation Pipeline840

We synthesize multi-minute, multi-source, overlap-841

ping scenes by programmatically sampling sound842

events from open audio collections and rendering843

them into room contexts with spatial metadata.844

Without naming the tool, we follow a four step845

generation process:846

• Generate batched soundscapes (e.g., N scenes847

of 1 min each).848

• Place multiple foreground events per scene 849

with randomized onset/offsets, durations, 850

class labels, and trajectories. 851

• Spatialize each event to the listener using RIR- 852

based panning with azimuth, elevation, and 853

distance. 854

• Export STARSS-style annotations alongside 855

multichannel audio (compatible with SELD 856

tooling). 857

This generator explicitly targets SELD formats, 858

producing mixtures that mirror real-world poly- 859

phonic scenes and preserving per-event localiza- 860

tion targets like DoA and distance. Each audio of 861

simulated data includes: 862

• A multichannel waveform (STARSS23-style) 863

with simultaneous sources and speech + non- 864

speech events. 865

• An annotation file listing, for each event in- 866

stance: class, start/end time, azimuth (deg) 867

/ elevation (deg) / distance (m) at the lis- 868

tener, and (when applicable) simple mo- 869

tion/trajectories. 870

• Global room context consistent with SELD 871

tooling (sample rate, channel ordering, file 872

layout). 873

B.2 SPUR-Set QA 874

We curate SPUR-Set, a QA corpus aligned to the 875

above audio. It comprises six spatial-reasoning 876

skills, each with 2k training and 1k test samples 877

per skill. Skills target complementary aspects of 878

spatial understanding over polyphonic scenes e.g., 879

direction queries, proximity/ordering, relative po- 880

sitioning, occlusion-like ambiguities, and speech- 881

vs-non-speech disambiguation under overlap. A 882

detailed explanation of each task is given in the 883

methodology 3 section. 884

Train/test policy. We preserve no file overlap 885

across splits and avoid trivial leakage from sim- 886

ulations to tests by sampling independent seeds 887

and source selections for evaluation scenes. Real- 888

data-derived QAs follow the original dataset split 889

protocols (when provided) to remain comparable 890

with SELD baselines. 891
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Figure 4: Class-wise Azimuth Angle distribution

Figure 5: Class-wise Elevation Angle distribution

C Ablation892

We also explore the LALM’s capability to un-893

derstand spatial cues in the video by only trian-894

ing on spatial audio. Table 5 shows that Qwen-895

2.5-Omni (Xu et al., 2025b) fine-tuned on SPUR896

data performs considerably well on the audio-897

visual QAs for STARSS23 (Shimada et al., 2023)898

dataset. Additionally, we compare our SPUR-899

Encoder against SELDNet on SELD task for en-900

coder level ablation shown in Table 7.901

D QA Examples902

Table 7 lists task-wise QA example pairs for SPUR-903

Set.904

E Dataset Licenses905

STARSS23, TAU-NIGENS, and L3DAS23 - Re-906

leased under the Creative Commons Attribution 4.0907

International (CC BY 4.0) license for the metadata908

and feature embeddings. The associated YouTube909

audio clips are subject to YouTube’s Terms of Ser-910

vice and are not freely redistributable.911

1. STARSS23 (Sony–TAu Realistic Spatial912

Soundscapes 2023) – Released under the MIT913

License. Commercial use permitted; deriva- 914

tives permitted; attribution required. 915

2. TAU–NIGENS Spatial Sound Events 2021 916

– Distributed under Creative Commons At- 917

tribution–NonCommercial 4.0 (CC BY-NC 918

4.0). Non-commercial use only; derivatives 919

allowed with attribution. (Per the dataset’s 920

Zenodo record.) 921

3. L3DAS23 (ICASSP 2023 Challenge 922

datasets) – Distributed under Creative 923

Commons Attribution–ShareAlike 4.0 (CC 924

BY-SA 4.0). Commercial use permitted; 925

adaptations must be released under the same 926

license with attribution. (As indicated on the 927

dataset page.) 928

F Use of AI assistants 929

We leveraged LLMs for three key aspects of our 930

work: grammar and word choice refinement dur- 931

ing the writing process, comprehensive literature 932

searches to ensure proper citation of related work, 933

and text data curation, consistent with common 934

practices in LLM-related research. 935
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Model Spatial Consistency Reasoning Depth Relevance Error Rate % Overall Score

Qwen-2.5-Omni (Xu et al., 2025b) 7.99 6.47 8.44 17.82 7.77

Table 5: Results on audio-visual QA for STARSS23 dataset

Model SELD Score SED F-score DOA Angular Error (◦) Distance Error Relative Distance Error

SELDNet (Adavanne et al., 2019) 0.924 0.405 40.495 0.642 0.316
SPUR-Encoder (Our) 0.985 0.417 45.345 0.634 0.489

Table 6: Comparison of encoder performance on the STARSS23 dataset, using mean sound event localization and
detection (SELD) metrics on the evaluation split.

G Broader Impact936

SPUR advances open-ended spatial audio under-937

standing by introducing an approach that directly938

consumes first-order ambisonics (FOA) through a939

spatial audio encoder and evaluates spatial reason-940

ing with SPUR-Set. By aligning spatially aware941

audio features with language, SPUR enables intent-942

driven, spatially grounded interaction with com-943

plex soundscapes–reasoning about where content944

occurs (azimuth/elevation/distance), how sources945

move, and how multiple events co-occur.946

Potential benefits. SPUR can accelerate creative947

and production workflows in spatial music and948

immersive media by retrieving or editing content949

with explicit spatial intents (e.g., “bring the back-950

left sax closer and pan the crowd to front-right”).951

For accessibility, spatially aware description and952

navigation of soundscapes can support users with953

visual impairments or cognitive load, e.g., sum-954

marizing “who is speaking and from where” in955

meetings or public spaces. In AR/VR, robotics,956

and smart-home systems, FOA-aware perception957

provides richer situational awareness for dialogue,958

navigation, and safety (e.g., resolving competing959

alarms by location). In research, SPUR-Set offers960

a reproducible benchmark for spatial QA and com-961

plements SELD evaluation, helping the community962

quantify spatial reasoning gaps in mono-centric963

LALMs.964

Risks and misuse. Spatial perception increases965

the risk of inadvertent localization or tracking of966

speakers and devices, particularly in private en-967

vironments. Combining spatial cues with other968

signals could enable deanonymization, inference of969

room layouts, or sensitive activity patterns. Dataset970

curation may propagate demographic or acous-971

tic context biases (e.g., room types, device place-972

ments), while model overconfidence can yield spa-973

tial hallucinations with safety implications (mis- 974

reporting the direction of hazards). Training and 975

evaluation at FOA scale carry non-trivial energy 976

costs. 977

H Human Annotation 978

We undergo a user study with human experts by 979

assigning scores to the open-ended QAs based on 980

clarity and correctness of the ouputs of the model 981

in the range of 1-5. For this evaluation, the dataset 982

is assigned to groups of four expert annotators, 983

each possessing advanced training in engineering 984

or related scientific disciplines. Annotators are in- 985

structed to use headphones to carefully analyze 986

the audio input before judging the corresponding 987

model outputs. Prior to the evaluation, all annota- 988

tors are provided with example responses and ref- 989

erence scores to calibrate their judgments. Scores 990

are averaged across annotators, and the aggregated 991

results are reported in the Table 3. 992

I Prompts 993

We show the prompts for generating all the spatially 994

fine-grained captions and QA tasks in SPUR-Set 995

below in figures 6, 7, 8, 9, 10, 11, 12, 13: 996
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Tasks Question–Answer Pair

Directional Conflict Resolution

Task: Identify the dominant communicative direction amid overlapping spatial sources.
Example: “Based on the audio, despite the ongoing keyboard activity and brief intermittent rustling, from which
originating direction does the speech maintain its most discernible thread of communication?”
Answer: back-left
Dataset: L3DAS23-Task1

Environmental Awareness & Navigation

Task: Determine orientation or turning direction for optimal engagement with salient sources.
Example: “In the given audio, where should one turn to better engage with the lively atmosphere without being
overwhelmed by background noise?”
Answer: One should turn towards the back and slightly below to engage with the lively atmosphere.
Dataset: Simulated

Group Dynamics and Spatial Clustering

Task: Infer causal or relational grouping among overlapping or sequential spatial events.
Example: “Based on the audio, what can be inferred about the relationship between the telephone ringing and the
subsequent sounds that follow?”
Answer: The telephone ringing appears to initiate a sequence of events, leading to overlapping sounds that suggest
a reaction or response from the other sources.
Dataset: Simulated

Proximity-Based Decision Making

Task: Identify which nearby source is perceptually affected by another close-proximity event.
Example: “Based on the audio, which sound is likely to be more affected by the knocking that occurs later?”
Answer: The water tap.
Dataset: Simulated

Scene Reconfiguration and Mental Rotation

Task: Reorient scene geometry to infer relative sound positioning after perspective shift.
Example: “Given the scene as it is, if you turned to directly face the speaking voice, where would the other opening
and closing sound appear in relation to you?”
Answer: The other opening and closing sound would appear to your front-right.
Dataset: L3DAS23

Sound Event Localization and Detection

Task: Identify spatial position and distance of specific sound events in the scene.
Example: “Based on the audio, where does the continuous background music appear to be located, and approximately
how far away is it?”
Answer: The background music is coming from the front, approximately 3.9 meters away.
Dataset: STARSS23

Spatial Priority and Source Intent

Task: Determine which spatial source briefly dominates attention or conveys salient intent.
Example: “During a segment where one vocalization continuously holds a somewhat central and distant spatial
presence, another vocalization from a distinct, closer location briefly interjects with an expression of amusement.
Which type of vocalization provides this brief interjection?”
Answer: The brief interjection is an instance of laughter.
Dataset: STARSS23

Table 7: Representative examples of spatial audio reasoning questions across seven task categories. Each entry
shows the task definition, example question, answer, and corresponding dataset.
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Table 8: Comparison of model predictions for a spatial audio QA instance. Each model was tasked with identifying
which speaking voice responds to laughter and from what direction. Pink highlights differences from the ground-
truth answer. Green highlights indicates alignment with the ground truth answer

Qualitative Model response comparison

Audio Caption Music from a loudspeaker, close and mostly front-left, forms the consistent backdrop.
A woman speaks from the back-left (close to not too far), and a man from the back and
back-left (close). Laughter often mixes with their voices, particularly midway, while
domestic sounds are constant. Clapping and a distinct bell, close on the front-right,
also emerge.

Question In the given audio, following a bout of distinctive chortling from one general area,
which speaking voice responds directly, and from what direction relative to the source
of that chortling? (Question ID: qa_2)

Ground Truth Following the male laughter, the female speech responds directly from the same general
area in the back-left.

AudioFlamingo 3
with SPUR

A female speaking voice heard from the back-left area is responding directly to the
laughter.

Qwen-2.5-
Omni with
SPUR

The speaking voice responds directly to the distinctive chortling from the left side.

Gemini Following a bout of distinctive chortling heard between approximately 0:09 and 0:12
(and again around 0:31–0:33), which originates from the right side, a speaking voice
responds directly. This responding voice originates from the left side, opposite the
laughter source.

Qwen-3-Omni A male voice responds directly to the chortling, and it comes from the right side relative
to the source of the chortling.

Kimi Yes, the male voice is the one that responds directly to the chortling, and it is from the
opposite direction of the chortling.

GPT-4o In the audio, after a distinctive chortling sound from one area, a speaking voice responds
directly from the same general direction as the chortling. The response seems to come
from a nearby position, suggesting a direct engagement.

BAT left,front, above; 7.5m

AudioFlamingo 3 A male voice responds directly to the chortling, coming from the opposite direction.
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Figure 6: Prompt used for generating Captions.
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Figure 7: Prompt used for generating SELD QAs.
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Figure 8: Prompt used for generating Direct Conflict Resolution QAs.
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Figure 9: Prompt used for generating Group Dynamics and Spatial Clustering QAs.
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Figure 10: Prompt used for generating Scene Reconfiguration and Mental Rotation QAs.
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Figure 11: Prompt used for generating Environmental Awareness and Navigation QAs.
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Figure 12: Prompt used for generating Proximity-Based Decision Making QAs.
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Figure 13: Prompt used for generating Spatial Priority & Source Intent Inference QAs.
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