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Figure 1. Few-shot flow-matching acoustic synthesis (FLAC): Given few-shot multimodal context 7 (depth map, acoustic observations,
sensor poses), FLAC, a diffusion transformer trained with flow matching, generates RIRs in novel rooms. It captures the inherent ambiguity
of the task by modeling the distribution of plausible RIRs under sparse conditioning. With a single shot, FLAC outperforms 8-shot state-
of-the-art methods. We introduce AGREE, a CLIP-style audio-geometry embedding enabling scene-consistency evaluation.

Abstract

Generating audio that is acoustically consistent with a
scene is essential for immersive virtual environments.
Few-shot acoustic synthesis approaches improve scalabil-
ity across rooms but are deterministic, failing to capture
the inherent uncertainty of scene acoustics under sparse
context. We introduce flow-matching acoustic generation
(FLAC), a probabilistic method for few-shot acoustic syn-
thesis that models the distribution of plausible room impulse
responses (RIRs) given minimal scene context. FLAC lever-
ages a diffusion transformer trained with a flow-matching
objective to generate RIRs at arbitrary positions in novel
scenes, conditioned on spatial, geometric, and acoustic
cues. FLAC outperforms state-of-the-art eight-shot base-
lines with one-shot on both the AcousticRooms and Hearing
Anything Anywhere datasets. We further introduce AGREE,
a joint acoustic-geometry embedding, enabling geometry-
consistent evaluation of generated RIRs. Project page:
https://amandinebtto.github.io/FLAC/

1. Introduction

Every room shapes the way we hear: a lecture hall amplifies
a speaker’s voice, while a cathedral envelops sound in lin-
gering reverberation. Reproducing these rich auditory expe-
riences is essential for creating virtual, immersive environ-
ments, where users expect sound to reflect the space. The
acoustic properties of a room are encapsulated by Room Im-
pulse Responses (RIRs), which describe sound propagation
between source-receiver pairs and enable auralization. Ac-
curately modeling RIRs is challenging because they depend
on complex interactions between geometry, materials, and
sensor positions. Neural acoustic fields [2, 3, 12, 16, 26, 27]

achieve spatially continuous RIR rendering but require per-
scene training with dense recordings. Few-shot acoustic
synthesis [9, 15, 18] addresses this by generating RIRs from
sparse observations. With limited scene information, multi-
ple RIRs can be equally plausible, e.g., unknown floor ma-
terial significantly changes acoustics, making few-shot syn-
thesis an inherently ambiguous problem, yet existing meth-
ods overlook this uncertainty.

We propose FLAC, a conditional latent generative
flow matching [14] model for few-shot acoustic synthesis.
Rather than learning a deterministic mapping, FLAC esti-
mates a distribution of plausible RIRs given sparse scene
context, conditioned on scene geometry, sensor poses, and
a minimal set of RIR recordings. To our knowledge it is
the first application of generative flow matching to explicit
RIR synthesis. We further introduce AGREE (Acoustic-
GeometRy EmbEding), a CLIP-style [20] joint embedding
space for RIRs and scene geometry, enabling geometry-
consistent evaluation via retrieval and distributional metrics.
Our main contributions are:

* FLAC, the first conditional generative model for few-shot
RIR synthesis based on flow matching, capturing acoustic
uncertainty under sparse context.

* FLAC one-shot outperforms eight-shot state-of-the-art
baselines on AcousticRooms and Hearing-Anything-
Anywhere datasets.

* AGREE, a joint acoustic-geometry embedding enabling
new scene-consistency evaluation metrics.

2. Related Work

Neural acoustic fields [2, 3, 12, 16, 26, 27] render RIRs
at novel poses by implicitly learning a mapping from spa-
tial coordinates to the room’s acoustic field, but require
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Figure 2. Training and inference pipelines of FLAC: A VAE encodes ground-truth RIRs into latents zg, linearly interpolated with noise
to form z:. A DiT predicts the velocity v;. At inference, RIRs are generated from noise guided by few-shot multimodal context.

per-scene training with dense recordings. Few-shot meth-
ods [9, 15, 18] generalize across scenes using sparse obser-
vations (e.g., RGB, depth, 8-20 RIRs) but produce a single
deterministic output, ignoring the inherent ambiguity of the
task. FLAC addresses this with stochastic generative mod-
eling, adapting flow matching [14], previously applied to
speech and music [10, 11, 13], to explicit RIR synthesis.
For evaluation, we build AGREE inspired by CLIP-style
audio-visual representation learning [5, 6, 17, 19, 22].

3. Method

FLAC is a conditional latent generative model [23] trained
with flow matching [1, 14] to predict monaural, omnidi-
rectional RIRs at arbitrary source-receiver pairs in unseen
environments, given minimal scene context. It synthesizes
RIRs conditioned on few-shot scene context and comprises:
(i) a variational autoencoder (VAE), (ii) a multimodal con-
ditioner, and (iii) a diffusion transformer (DiT). Fig. 2 pro-
vides an overview.

Latent Flow Matching. At training time, we sample tar-
get RIRs with their associated context (AT, 7) from the
dataset. Each RIR is encoded into a latent representation
zy, which is linearly interpolated with noise € to produce
Z¢.

zi=(1—t)zo+te, €~N(0I), (D)
where the timestep ¢ € [0, 1] controls the noise level. The
model u(z;, t, T) predicts velocity

dz
vi= - =e—, ©)
using the following objective:
L =By a0zt ) = vl @)

At inference, we use classifier-free guidance [8] to obtain
i(z¢, t, T) and generate RIRs by solving the ODE backward
fromt=1tot =0:

“4)

Zi_qt = 2t + ﬁ(Zt, t, T) dt.

Table 1. Performance on unseen AR scenes: Results are shown
for K € {8, 1, X} reference RIRs. For FLAC, we report mean and
standard deviation over 5 generations. FLAC outperforms all base-
lines even in the one-shot setting.¥ denotes modality ablations.

Method |K|G|T60(%), C50(B), EDT(ms)| R@5(%)1 FD¢|
Random Across Rooms | X | X 44.73 7.676 306.29 0.06 0.111
Random Same Room XX 17.36 5.490 168.17 1.09 0.001
FLACX X |V 2341000 255440002 109.75.:0.00 1647014 0337
Nearest Neighbor 1| X 15.22 5212 157.94 2.26 0.001
Fast-RIR 1|V 18.97 3.257 121.21 0.66 0.456
xRIR 1|V 14.47 1.961 74.45 1.36 0.263
FLAC 1]V 9955005 10461000 4004, 18.92.0,0 0303
Linear Interpolation 8| X 14.45 3.503 114.27 2.30 0.401
Nearest Neighbor 8| X 10.91 2.792 90.08 10.26 0.003
FLAC* 8| X 12071000 4.296:0.001 140.04 10,04 0584005 0.663
Fast-RIR 8| v 17.71 3.253 121.21 0.99 0.465
XRIR 8| v 9.98 1.354 49.40 2.00 0.307
FLAC 8| v 8.60..0.01 0.970...0.00> 37131002 19.38..5 0.305
Table 2. Sim-to-real transfer to the HAA dataset: Few-shot

methods are compared against Diff-RIR and INRAS, which re-
quire per-scene training ().

Method | K | T60(%)| C50(dB), EDT(ms)| R@5(%)t FDg |
Random Across Rooms | X 17.40 10.283 533.99 1.49 0.460
Random Same Room X 8.00 4.805 180.15 1.86 0.169
Nearest Neighbor 1 8.19 5.000 187.55 1.20 0.177
xRIR 1 8.63 4.862 183.27 14.85 0.363
FLAC 1 3.45.0.0 2.1700.014 90.02..54 17.94.0.. 0.564
Linear Interpolation 8 4.12 2.695 88.19 3.62 0.904
Nearest Neighbor 8 2.89 1.923 77.24 9.61 0.169
xRIR 8 6.53 3.492 149.69 20.65 0.318
FLAC 8 3.1040.00 2.167 40.004 84524024 17415050 0.585
INRAST 12 6.61 3.966 158.07 2.27 0.797
Diff-RIRT 12 3.74 2.067 88.09 26.97 0.263
VAE. We found pre-trained audio embedding proved un-

suitable for RIR synthesis, so we train a VAE to compress
RIR waveforms into compact latents z,. The encoder uses
four strided convolutional blocks with ResNet-style dilated
layers and Snake activations [28], while the decoder mirrors
this design; the bottleneck has dimension 32. To preserve
fine temporal and spectral structure, we optimize a com-
bination of multiresolution STFT, adversarial and feature-
matching losses (with an Encodec [4] discriminator), and a
KL divergence term.
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Figure 3. FLAC DiT: Timestep ¢ and target pose are injected via
AdalLN; multimodal context via cross-attention.

Multimodal Conditioning. FLAC generates RIRs at tar-
get (PT, PT) conditioned on: (Acoustic) K RIR record-
ings, encoded via ResNet-18; (Spatial) source poses in the
receiver frame, encoded with sinusoidal positional embed-
dings; (Geometric) a panoramic depth map captured at the
receiver position is converted to reflection maps and en-
coded via fine-tuned DINOv3 ViT-S/16 [24].

Diffusion Transformer. The DiT (Fig. 3) consists of
transformer blocks with RoPE [25] self-attention, cross-
attention, and a feedforward network. The target pose and
timestep are injected via AdaLN and multimodal context
via cross-attention.

4. AGREE: Acoustic-Geometry Embedding

AGREE is a joint embedding that aligns room acoustics and
geometry. The audio encoder is the pre-trained FLAC VAE
fine-tuned. The geometry encoder is DINOv3 ViT-S/16
fine-tuned on reflection maps obtained from the panoramic
depth maps. Each encoder is followed by a linear projec-
tion, and trained jointly with a contrastive objective. We use
AGREE to define two scene-consistency metrics: audio-to-
audio recall (alignment of generated vs. ground-truth RIRs
in geometry-aware space) and Fréchet distance FD¢ (dis-
tributional realism, analogous to FID [7]).
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Figure 4. Uncertainty persistence time and band-wise energy
decay, averaged over 100 unseen samples. Uncertainty lasts longer
at low frequencies and decays faster at high frequencies.

5. Results

Experimental Setup. The AcousticRooms (AR) [15]
dataset contains over 300k simulated monaural RIRs across
260 rooms. Cross-room generalization is assessed on 17
held-out, unseen rooms (5,244 samples). For sim-to-real
transfer, we use Hearing Anything Anywhere (HAA) [27],
which provides real-world RIRs from four rooms. We re-
port perceptual metrics (T60, C50, EDT errors) and scene-
consistency metrics (R@5 and FDg in AGREE space).
Baselines include non-learning methods (Random, KNN,
Linear Interpolation) and learning-based approaches (Fast-
RIR [21], xRIR [15]).

Few-shot synthesis in unseen rooms. Quantitative re-
sults are reported in Tab. 1. With K=8, FLAC outperforms
xRIR: —13.8% T60, —28.3% C50, —24.9% EDT. FLAC re-
mains significantly more stable than KNN and xRIR as K
decreases. Crucially, 1-shot FLAC surpasses all 8-shot
baselines. Geometry conditioning provides the dominant
cue for scene-consistent synthesis.

Sim-to-Real Transfer. Following [15], we fine-tune
XxRIR and FLAC (except VAE). Results are in Tab. 2. With
K=8, FLAC outperforms xRIR. It also surpasses Diff-
RIR [27] and INRAS [26], which require per-scene train-
ing, on most perceptual metrics. In the 1-shot setting,
FLAC outperforms both KNN and 8-shot xRIR.

Capturing uncertainty. When generating 100 RIRs for
each conditioning, uncertainty persistence time, defined as
the time until band-wise sample variance drops below the
75th percentile, is longer at low frequencies (Fig. 4) This
is physically grounded: below the Schroeder frequency, re-
sponses are governed by sparse boundary-dependent modes
weakly constrained by limited context, while denser high-
frequency modes are stabilized by local geometry. A deter-
ministic variant degrades performance (+6% T60, +10%
C50, —40% R@5), confirming stochasticity is essential.

Perceptual evaluation. A listening study with 46 partici-
pants on 14 unseen AR scenes was conducted. Participants
were presented with the ground-truth, audio generated by
FLAC (1-shot) and xRIR (8-shot), and were asked to select
which audio sounded closer to the GT. FLAC was preferred
in 93% of cases.



6. Conclusion

We

introduced FLAC, a generative flow-matching ap-

proach for few-shot acoustic synthesis, and AGREE, a joint
acoustic-geometry embedding for scene-consistent evalua-
tion. FLAC captures the ambiguity of few-shot RIR syn-
thesis overlooked by prior deterministic methods, achiev-
ing state-of-the-art performance with as few as one refer-
ence recording. Future work includes supporting multiple
sample rates and collecting larger real-world audio-visual
data for improved sim-to-real transfer. AGREE embedding
could also benefit broader audio-visual learning tasks.
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