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sical Principles

1. Problem Definition

Goal: Learn a spatially continuous neural RIR room 1. Globality: sound propagation relates to whole room.
acoustics field, so as to be able to 2. Reciprocity: RIR 1s the same 1f source/receiver swaps.
1. predict spatial acoustic effects from, 3. Superposition: multiple sound sources equals to
2. arbitrary source position to arbitrary receiver adding each one together.

position. 4. Sound Independence: learned neural RIR field 1s
by independent on sound source class and existence.

sending and recei1ving sound at discrete positions.

5. Algorithm Pipeline
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1. highly non-smooth and chaotic, lengthy in points. S| " lomvemors|  [eommepmomd B | et
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2. position-sensitive, smaller position change leads , . ,
1. Extract multi-scale position aware feature (globality).
to large RIR change.

M . . 2. Element-wise add two features (reciprocity).
casuring RIR 1n real-world, 3 Pred [RIR in £ domai "
1. 1s difficult and 1nefficient (time-consuming). - Fredict neura In frequency domain (real/imag).

2. nonscalable, need re-collect once position changes. [(SEES'¢s s 8008 s 018 400l

3. Our Method: DeepNeRAP 1. Dataset: Synthetic: SoundSpaces 2.0 [1] + MP3D [2],
Real: MeshRIR data [3].
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Dz z(t) Py y(t) p.Q Qpy NAF (Luo et al., 2022) [01£ 027 516£009 7841040 409 £000 1517£3.57 0996% 0.00 | 1.40 + 0.41
“oe IR-MLP (Richard et al., 2022) 102+ 032 409+ 010 868+ 012 568+ 001 13.67+351 0994+ 001 | 1.40+ 0.14
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walk around the room independently, sending and 3 Qualitative Result: ~ Conclusion:
recelving sine-sweep sound at different positions. I. Novel and simple neural RIR
3. learn neural RIR 1n a self-supervised manner. learning framework.

2. Physical principles (interpretable
result) informed network design.
3. SOTA performance.
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4. neural RIR 1s optimized by minimizing discrepancy
between neural RIR effected receiver sound and Ground Truth
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