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Figure 1. Few-shot flow-matching acoustic synthesis (FLAC) and scene-consistency evaluation: Given a few-shot multimodal context
7, including a depth map, an acoustic observation, and sensor poses, FLAC uses a diffusion transformer trained with flow matching to
generate room impulse responses (RIRs) in novel rooms. Unlike prior deterministic approaches, FLAC models the distribution of plausible
RIRs under sparse scene context, capturing acoustic uncertainty. Even with one shot, FLAC outperforms 8-shot state-of-the-art methods.
To assess generation quality, we introduce AGREE, a CLIP-style audio-geometry embedding that aligns both modalities in a shared latent
space, enabling scene-consistency evaluation through retrieval and distributional metrics.

Abstract

Generating audio that is acoustically consistent with a
scene is essential for immersive virtual environments. Re-
cent neural acoustic field methods enable spatially con-
tinuous sound rendering but remain scene-specific, re-
quiring dense audio measurements and costly training for
each environment. Few-shot approaches improve scala-
bility across rooms but still rely on multiple recordings
and, being deterministic, fail to capture the inherent uncer-
tainty of scene acoustics under sparse context. We intro-
duce flow-matching acoustic generation (FLAC), a prob-
abilistic method for few-shot acoustic synthesis that mod-
els the distribution of plausible room impulse responses
(RIRs) given minimal scene context. FLAC leverages a
diffusion transformer trained with a flow-matching ob-
jective 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 Hear-
ing Anything Anywhere datasets. To complement stan-
dard perceptual metrics, we further introduce AGREE, a
joint acoustic—geometry embedding, enabling geometry-
consistent evaluation of generated RIRs through retrieval
and distributional metrics. This work is the first to apply
generative flow matching to explicit RIR synthesis, estab-
lishing a new direction for robust and data-efficient acous-
tic synthesis. 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 ex-
periences is essential for creating virtual, immersive envi-
ronments, where users expect sound to reflect the space.

The acoustic properties of a room are encapsulated by
Room Impulse Responses (RIRs), which describe the sound
propagation between source-receiver pairs. RIRs allows for
auralization, i.e., transferring a room’s acoustic signature
onto any sound. However, accurately modeling RIRs is
challenging because they depend on complex interactions
between geometry, materials, and source-listener positions.

Recently, neural acoustic fields [2, 4, 10, 41, 51, 74, 77]
have enabled spatially continuous RIRs rendering in a
scene. However, they must be trained for each environment
using extensive RIR recordings. More scalable solutions re-
quire models that can generate RIRs in novel rooms, with
minimal data and without retraining.

A handful of works have explored few-shot acoustic syn-
thesis [34, 49, 54]. These methods generate RIRs in novel
environments using only a sparse set of information (e.g.,
depth maps, RGB images, sensor poses, and 8 to 20 RIR
recordings) without scene-specific retraining. With limited
knowledge about a new scene’s characteristics, there is no
single, deterministic possible RIR: few-shot generalization
is an inherently ambiguous problem. Yet, existing few-shot
methods overlook this uncertainty, producing only a unique
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deterministic prediction.

To address this, we propose FLAC, a conditional gener-
ative model for few-shot acoustic synthesis based on flow
matching [44]. This framework extends diffusion models
[33, 71] with increased performance and versatility and has
demonstrated strong performance in audio [36, 39, 46] and
images [18] generation. FLAC is, to the best of our knowl-
edge, the first application of generative flow matching to
explicit RIR synthesis. Rather than learning a determinis-
tic mapping, our model estimates a distribution of plausi-
ble RIRs given sparse scene context, explicitly capturing
the uncertainty inherent in few-shot scenarios. We condi-
tion the generation on multimodal context, including scene
geometry around the receiver, sensor poses, and a mini-
mal set of RIR recordings. By formulating few-shot acous-
tic synthesis as a conditional generative task, we enable
scene-consistent sound generation in novel environments
even from only one audio measurement.

To assess generation quality, we complement tradition-
ally used perceptual metrics by introducing a set of scene
consistency metrics that ensure the predicted RIR matches
the scene’s geometry. To this end, we introduce AGREE
(Acoustic-GeometRy EmbEdding), a CLIP-style [62] dual-
encoder network that aligns RIRs and scene geometry in
a shared latent space. This alignment enables zero-shot
audio and geometry retrieval. We leverage this shared
space to provide a geometry-consistent evaluation frame-
work through both retrieval-based scores and distributional
metrics.

We evaluate FLAC on the large-scale synthetic Acoustic-
Rooms [49] dataset. It achieves state-of-the-art RIR synthe-
sis performance, demonstrating generalization across novel
source-receiver positions within known rooms, as well as
in entirely unseen environments. We also validate our
model’s real-world capabilities through sim-to-real transfer
on the Hearing-Anything-Anywhere [77] dataset. On both
datasets, FLAC outperforms current state-of-the-art meth-
ods based on 8 audio recordings with a single one.

In summary, our main contributions are as follows:

* We propose FLAC the first conditional generative model
for few-shot RIR synthesis based on flow matching. This
approach accounts for the inherent uncertainty of acous-
tics given sparse scene context, leading to more robust
predictions.

* Our approach sets a new state-of-the-art on the Acousti-
cRooms and Hearing-Anything-Anywhere datasets, gen-
eralizing to both novel source-listener pairs and environ-
ments. FLAC outperforms prior work with 8 x fewer RIR
recordings.

* We introduce AGREE, a joint acoustic-geometry embed-
ding space, and propose new scene-consistency metrics
that evaluate how well predicted RIRs align with the
scene geometry.

2. Related Work

Audio-visual learning. Audio-visual learning enhances
both acoustic and vision-related tasks, including audio spa-
tialization [22, 25, 38, 57, 76, 81], de-reverberation [9, 13],
RIR prediction [7, 41, 42, 49, 54, 69, 70], depth estima-
tion [3, 14, 59, 80, 82], navigation [6, 11, 21, 23, 24, 79],
floorplan reconstruction [55, 61], and pose estimation [11].
FLAC extends this line of work by leveraging depth infor-
mation for scene-consistent RIR generation.

Neural acoustic fields. Neural acoustic fields render
RIRs at novel poses by implicitly learning a mapping from
spatial coordinates to the room’s acoustic field. Some ap-
proaches incorporate physical acoustic models [74, 77],
others infer local geometry [51], exploit vision cues [10,
12, 41, 42] or use NeRF [56] and Gaussian splatting-based
[37] representations [2, 4]. However, these methods remain
scene-specific, requiring dense recordings and retraining for
each new environment.

Few-shot acoustic synthesis. Few-shot methods gen-
eralize across scenes using sparse observations. Few-
ShotRIR [54] uses 20 RGB, depth and binaural audio in-
puts. MAGIC [34] adds semantics by extracting features
with a segmentation-pretrained U-Net [66]. More recently,
xRIR [49] reduces inputs to eight audio recording and a
panoramic depth map, and introduces the AcousticRooms
dataset specifically designed for cross-room synthesis. All
prior methods treat few-shot RIR prediction as a determin-
istic mapping, overlooking the ambiguity of the task. By
using generative flow matching, FLAC captures the distri-
bution of plausible RIRs given sparse context, improving
generalization to new scenes even with one-shot.

Audio diffusion and flow matching. Diffusion-based
models have advanced text-to-audio generation across
speech, music, and general sound [19, 20, 26, 35, 45, 46,
53]. Flow matching further improves synthesis efficiency
[28, 36, 39]. [43] recently achieved speech binauralization
via flow matching. Building on these advances, we adapt
generative flow matching to RIR synthesis conditioned on
few-shot scene context.

Joint embedding models across modalities. Joint em-
bedding models align data from different modalities in a
shared representation space. CLIP [62] pioneered this for
image-text, later extended to audio-visual [29, 52, 58, 64],
audio-text [17, 29], and audio with diverse sensory modal-
ities [27], enabling zero-shot cross-modal retrieval. Stan-
dard audio embeddings cannot be applied directly to RIRs,
which differ substantially. We introduce AGREE, a joint
embedding space for RIRs and scene geometry, allowing
acoustic-geometry consistency evaluation.
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Figure 2. Training and inference pipelines of FLAC: During training, a pre-trained VAE encodes ground-truth RIRs into latents zo.
Latents are linearly interpolated with noise to form z,. A DiT is trained to predict the velocity V; that transports z; toward the original data
distribution. At inference, RIRs are generated from random noise, guided by the few-shot spatial, geometric and acoustic context.

3. Method

FLAC is a conditional latent generative model [65] trained
with flow matching [1, 44] (Sec. 3.1) to synthesize RIRs
from few-shot scene information. It comprises: (i) a varia-
tional autoencoder (Sec. 3.2), (ii) a multimodal conditioner
(Sec. 3.3), and (iii) a diffusion transformer (Sec. 3.4). Fig. 2
provides an overview of the method.

3.1. Latent Flow Matching

Ambiguity in few-shot synthesis. Estimating RIRs
across diverse environments and sensor poses is challeng-
ing, as they depend on many intertwined factors. With lim-
ited scene information, multiple RIRs can be equally plausi-
ble for the same source-receiver configuration. For instance,
even with precise geometry knowledge, missing material
properties introduces ambiguity: whether the floor is car-
peted or wooden alters the acoustics.

We address the inherently ambiguous problem of few-
shot RIR synthesis: Our goal is to predict monaural, om-
nidirectional RIRs at arbitrary source-receiver pairs in un-
seen environments, given minimal scene context. By using
a stochastic generative model, we aim to capture the uncer-
tainty inherent to RIR prediction under sparse observations.

Training. We train FLAC using the rectified flow match-
ing formulation [47, 48], which linearly interpolates data
and noise. This approach straightens the transport paths
between distributions, reducing the number of integration
steps at inference.

The goal is to capture the relationship between a RIR and
its spatial, geometric, and acoustic context. To this end, we
sample target RIRs with their associated context (AT, T)
from the dataset. Each RIR is encoded into a latent repre-
sentation zg, which is linearly interpolated with Gaussian
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noise € ~ N (0, I) to produce a noisy latent z;:

ze=(1—t)zo +1te, (1)

where the timestep ¢ € [0,1] controls the noise level.
Timesteps are sampled by drawing o ~ A/(—1.2,22) and
mapping it to ¢ using a sigmoid:

1

o(—a) = Trea

This schedule emphasizes on moderately noisy latents (¢ ~
0.7—0.8), which we found to improve performance. Com-
parisons of noise sampling strategies are provided in Ap-
pendix E.4.

The model w(z¢,t,7) is trained to predict the velocity
field v;

t=

2)

d
vi=—l=e—z, 3)
using the following objective:
Lrim = Eg e t,r [ | u(ze, t,7) — vel?|. “4)

Inference. We employ classifier-free guidance [32], al-
lowing the model to learn both conditional and uncondi-
tional distributions by randomly dropping the conditioning
during training.

At inference, the guided velocity prediction is given by

W(ze,t, T) = u(ze,t,9) + w [U(Zt,t,T) — u(ze,t, @)],
®)
where w > 0 controls the conditioning strength, and
u(z¢, t, &) denotes the unconditional prediction.
RIRs are generated by solving the ordinary differential
equation (ODE) backward, starting from Gaussian noise €
and integrating the velocity field from¢ = 1tot = 0:

(6)

Zi_qr = Z¢ + U(z¢, t, T) dt.
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Figure 3. FLAC diffusion transformer: The noise timestep ¢ and
the target RIR pose are injected via AdaLLN. Acoustic, spatial and
geometric context are provided through cross-attention.

3.2. VAE

We train a variational autoencoder (VAE) to compress RIR
waveforms into zg. The encoder consists of four convolu-
tional blocks, each performing downsampling and channel
expansion with strided convolutions. Before each down-
sampling block, we apply ResNet-style layers with dilated
convolutions and Snake activations [83]. The bottleneck has
a latent feature dimension of 32, and the decoder mirrors the
encoder. All convolutions are weight-normalized [67] and
the output passes through a tanh activation to match the
RIR amplitude range.

We found pre-trained audio embeddings unsuitable for
latent flow matching. Obtaining a compact RIR represen-
tation is challenging as it must preserve precise temporal
and spectral structure. To achieve this, we train the VAE
with complementary objectives: a multiresolution STFT
loss Lyr [72, 78] combining spectral convergence, spectral
and energy decay terms; an adversarial hinge loss L,qy; a
feature-matching loss L, using Encodec [15] multi-scale
STFT discriminator; and a KL divergence loss L to regu-
larize the latent space. The final objective is:

L = Lyr + Lagv + Leear + LxL @)

Details on the implementation, individual loss terms, and
hyperparameters are provided in Appendix A.

3.3. Multimodal Conditioning

FLAC generates RIRs at a target source-receiver pair

(PT, PT) based on multimodal scene context 7:

* Acoustic: RIRs measured at the target receiver P from
K different source positions, A = {A' ..., AX}, cap-
turing key room acoustic properties.

» Spatial:  Corresponding source positions S =
{P},..., PK} and the target source position PI.

+ Geometric: A panoramic depth map G captured at the
target receiver pose PI, describing local room structure
and surfaces.

Below, we detail how each modality is processed.

Acoustic. Similar to [49, 54] each of the K context RIRs
is transformed into a magnitude spectrogram and encoded
with a ResNet-18 backbone [30], trained jointly with the
rest of the model. The encoder outputs a 512-dimensional
embedding per RIR, capturing key acoustic properties.

Spatial. Since the receiver is shared between the con-
text and target RIRs, we express all source poses in the
receiver’s local coordinate frame and omit P! (the ori-
gin). The resulting 3D coordinates are encoded with si-
nusoidal positional embeddings and projected into a high-
dimensional feature space through a linear layer.

Geometric. We condition on the geometry surrounding
the receiver to capture the location and shape of nearby sur-
faces. A panoramic depth map captured at P is converted
into an image containing 3D coordinates via equirectangu-
lar projection. Following [49], we compute reflection maps
by subtracting each source position (target and K context)
expressed in the receiver’s frame from these 3D coordinates.
DINOv3 [68] Vision Transformer (ViT) [16] S/16 is fine-
tuned to encode the reflection maps into compact features
capturing geometric structure and spatial relationships. An
overview of the geometry module is given in Appendix B.2.

3.4. Diffusion Transformer

Inspired by recent advances in image and audio generation
[19, 20, 36, 40, 60], we parameterize the velocity field v,
using a diffusion transformer (DiT) illustrated in Fig. 3. It
consists of a multi-layer Transformer architecture. A 1D
convolution followed by a linear layer maps between the
VAE latent space and the transformer embedding dimen-
sion. Each transformer block follows a fixed sequence: self-
attention with Rotary Positional Embedding (RoPE) [73],
followed by cross-attention over conditioning tokens and
a feedforward network (FNN), with residual connections
applied inside each sub-layer. We compute d-dimensional
Fourier features of the noise timestep ¢. The global con-
ditioning, containing the target pose and , is incorporated
via Adaptive Layer Norm (AdaLN), where learned scale,
shift and gating parameters modulate both self-attention and
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Figure 4. AGREE contrastive framework: Audio and geometry
inputs are encoded into a shared latent space, where a contrastive
objective maximizes similarity for matching pairs (diagonal en-
tries) and minimizes it for mismatched ones.

feedforward layers. Acoustic, spatial and geometric con-
text are incorporated through cross-attention. Finally, the
model consists of 12 transformer blocks with 8 heads and
a hidden width of 256. We train it with a learning rate of
5 x 1072, AdamW optimizer [50] and a batch size of 64 on
a single H100 GPU. We use an Exponential Moving Aver-
age (EMA) of the model weights during training and BF16
precision. FLAC number of parameters and inference time
are reported in the Appendix H.

4. AGREE: Acoustic-Geometry Embedding

We introduce AGREE (Acoustic-GeometRy EmbEding), a
CLIP-style [62] multimodal embedding that aligns room
acoustics and geometry (see Fig. 4). The audio encoder
is fine-tuned from the pre-trained VAE encoder used in
FLAC (see Sec. 3.2). The geometry encoder is DINOv3
ViT-S/16 fine-tuned on panoramic depth maps captured at
receiver positions. Following FLAC’s geometry pipeline,
depth values are projected into 3D coordinates and source
positions, expressed in the receiver frame, are subtracted.
Each encoder is followed by a linear projection, and both
are trained jointly with a contrastive objective to align
acoustic and geometric representations. The resulting em-
bedding space captures spatial-acoustic consistency, en-
abling zero-shot cross-modal retrieval and geometry-aware
evaluation. AGREE details are provided in Appendix C.

5. Experiments
5.1. Datasets

AcousticRooms. We use the AcousticRooms (AR)
dataset [49], a large-scale simulated dataset of monaural
RIRs paired with equirectangular panoramic depth maps.
It spans 260 rooms across 10 categories with diverse ge-

ometries, sizes, and materials, totaling over 300k simu-
lated RIRs at 22,050 Hz. Generated with Treble Technol-
ogy’s wave-based simulation, it provides high simulation
accuracy beyond geometric or ray-tracing methods used in
[5, 8, 75]. Following [49], we split the dataset into 243 seen
and 17 unseen rooms to evaluate both in-room prediction
and generalization to new scenes. The unseen test set con-
tains 5,244 instances. A subset of the seen-room instances
is used for evaluation, it contains 6,217 instances across 131
rooms. In all our experiments, our VAE is pretrained on this
dataset.

Hearing-Anything-Anywhere. To evaluate generaliza-
tion to real-world environments, we use the Hearing-
Anything-Anywhere (HAA) dataset [77]. It provides
monaural RIRs recorded in four rooms, each with a fixed
source and multiple receiver positions. This setup is the
inverse of AcousticRooms, where the receiver is fixed and
the source varies. However, for single-channel RIRs, inter-
changing source and receiver is equivalent due to the sym-
metry of the wave equation [49]. All RIRs are sampled
to 22,050 Hz. Panoramic depth maps at each source pose
are derived from room meshes reconstructed using wall and
surface annotations. Appendix D.1 gives datasets details.

5.2. Metrics

Perceptual metrics. We assess the perceptual quality of
generated RIRs using standard acoustic metrics [4, 41, 49,
54, 74] that correlate with human auditory perception. We
report the relative T60 error, normalized by the ground-
truth. T60 measures the reverberation time i.e., the dura-
tion for sound energy to decay by 60 dB. We also compute
the clarity error based on C50, the ratio of early-to-late en-
ergy, indicative of speech intelligibility and acoustic clar-
ity. Finally, we evaluate the Early Decay Time (EDT) error,
which capture early reflection characteristics by measuring
the time for an initial 5 dB energy decay.

Scene-consistency metrics. We introduce metrics based
on the AGREE embedding space to evaluate how well gen-
erated RIRs reflects the spatial characteristics of the envi-
ronment. We compute audio-to-audio recall (R@1/5/10),
quantifying how closely generated and ground-truth RIRs
align in this geometry-aware space. To capture overall
realism, we compute the Fréchet distance FD¢, between
the distribution of generated and real audio embeddings in
AGREE space, analogous to the FID [31] used in image
generation. For reference, AGREE zero-shot retrieval re-
sults on the unseen AcousticRooms set are summarized in
Tab. 2. To maximize retrieval performance when evaluat-
ing RIR synthesis methods, we also train AGREE on the
entire AR dataset. Further details on the scene-consistency
metrics can be found in Appendix D.3.
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Table 1. Performance on unseen AcousticRooms 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 baselines even in the one-shot setting. * denotes ablations with

either geometry (G) or audio conditioning removed.

Method | K| G| T60(%), C50@B)| EDT(ms)| R@1(%)t R@5(%)T R@10(%)1 FD¢ |
Random Across Rooms | X | X 44.73 7.676 306.29 0.02 0.06 0.32 0.111
Random Same Room X | X 17.36 5.490 168.17 0.25 1.09 2.16 0.001
FLAC¥ X |V 23414002 2.554. 4 002 109.75..00 5125010 16.47 1014 23124004 0.337
Nearest Neighbor 1| X 15.22 5.212 157.94 0.00 2.26 4.56 0.001
Fast-RIR 1|V 18.97 3.257 121.21 0.17 0.66 1.64 0.456
xRIR 1|V 14.47 1.961 74.45 0.28 1.36 2.59 0.263
FLAC 1 |V 9.95. .05 1.046. 002 40.04 . .. 6.80..1: 18.92 ., 1 26.87.0.0 0.303
Linear Interpolation 8 | X 14.45 3.503 114.27 0.41 2.30 4.02 0.401
Nearest Neighbor 8 | X 10.91 2.792 90.08 0.00 10.26 17.28 0.003
FLAC¥ 8 | X 12.0710.01 4.296.6.001 140.04 16,04 0.0940.01 0.5810.06 1.0640.0, 0.663
Fast-RIR 8 | v 17.71 3.253 121.21 0.24 0.99 1.88 0.465
xRIR 8 | vV 9.98 1.354 49.40 0.54 2.00 3.38 0.307
FLAC 8 | v 8.60...0: 0.970 10,002 3713002 6.99. .5 19.38.0.:5 27.21:0.- 0.305
Table 2. Zero-shot cross-modal retrieval on the unseen . 30
AcousticRooms set: We report acoustic-to-geometry (A2G) and 030 9.75 02
geometry-to-acoustic (G2A) recall at 1, 5 and 10. T indicates train- o p— S W S
ing on the full dataset for benchmarking few-shot methods. 2 029 T(,OG 9253 8 o031 o =
= =
A2G G2A S 8.75
Method .28 10
e ‘ R@IT R@ST R@IOT ‘ R@IT R@ST R@IOT ’ 11020 50 80 100 o0 0 1 2 3
AGREE 59.78 83.53 89.35 359.10 85.56 91.04 Number of Timesteps Guidance Scale
AGREET ‘ 8537  99.70 99.98 ‘ 84.38  99.53 99.97

5.3. Baselines

We compare FLAC against several baselines:

* Random Across Rooms: randomly samples a RIR from
the entire dataset.

* Random Same Room: randomly selects a RIR from the
same room.

e Linear Interpolation: linearly interpolates K reference
RIRs based on their distances to the target source.

* Nearest Neighbor (KNN): chooses the RIR closest in dis-
tance to the target source among the K references.

* Fast-RIR [63]: generates RIRs with a GAN conditioned
on T60 and scene size estimated from K RIRs and depth.

¢ xRIR [49]: combines acoustic and geometric features to
weight K reference RIRs.

5.4. Inference parameters

In all experiments, we use a guidance scale of 1 and perform
generation in a single inference step as it achieves the best
results on the perceptual metrics (T60, C50, EDT). These
metrics mainly capture global acoustic properties, such as
energy decay and clarity, but are insensitive to fine-grained
details or sample diversity. Thus, additional steps offer no
benefit. However, as shown in Fig. 5, increasing the guid-
ance weight or the number of steps improves FDg.

Figure 5. Impact of classifier-free guidance and inference
steps: Evolution of T60 and FD¢ as a function of the guidance
scale w and the number of timesteps.

5.5. Results

8-shot generation in novel environments. Quantitative
results on unseen scenes with K'=8 are reported in Tab. 1.
FLAC consistently outperforms xRIR across all metrics,
reducing errors by 13.8% T60, 28.3% C50, and 24.9%
EDT, and achieving higher audio-to-audio recall, indicat-
ing more geometry-consistent acoustic synthesis. For FDg,
FLAC slightly surpasses xRIR, reflecting improved dis-
tributional realism. Increasing the number of inference
steps or the classifier-free guidance weight further improves
FLAC FDg; for example, 20 steps reduce it to 0.280 (see
Fig. 5). KNN always achieves lower FD¢ as it simply re-
turns a reference RIR, which is already drawn from the true
distribution. For seen rooms, detailed results are provided
in Appendix E.1: FLAC reduces errors by 23.9%, 29.8%,
and 24.8% for T60, C50, and EDT, respectively. These re-
sults demonstrate that FLAC not only improves RIR estima-
tion at new positions within seen spaces but also generalizes
more effectively to new environments.

Robustness under limited observations. We evaluate
methods robustness with fewer context RIRs, simulating
scenarios with limited recordings. For FLAC and xRIR,
models trained with =8 and tested with fewer references.
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Figure 7. Octave-band analysis of 4 RIRs in unseen rooms: 100

samples per instance are generated with FLAC. The mean and +3

standard deviation (covering 99.7% of the distribution) are shown.

Std increases at low frequencies.

As shown in Tab. 1, FLAC maintains state-of-the-art per-
formance in the one-shot setting, surpassing prior methods
using eight recordings. Fig. 6 shows that FLAC remains sig-
nificantly more stable than KNN and xRIR as K decreases.
Recall metrics are little affected by reduced acoustic obser-
vations, indicating that geometry provides the dominant cue
for geometry-consistent RIR synthesis.

Capturing uncertainty of few-shot RIR synthesis. We
study variability by generating 100 RIRs per conditioning,
each produced with a different noise input. As shown by
the octave-band analysis in Fig. 7, samples standard devi-
ation increases at low frequencies. These bands also ex-
hibit longer uncertainty persistence time, defined as the time
until band-wise sample variance drops below the 75th per-
centile (see Fig. 8). This matches room acoustics theory:
low-frequency responses are governed by sparse, boundary-
dependent modes that are weakly constrained by limited
context, whereas above the Schroeder frequency dense
mode yields stable responses constrained by local geome-
try. This indicates that FLAC captures the inherent uncer-
tainty of underconstrained few-shot settings. A determin-
istic variant (fixed noise) degrades performance (+6% T60,

Table 3. Sim-to-real transfer to the Hearing-Anything-
Anywhere dataset: Few-shot methods are compared against
Diff-RIR and INRAS, which require per-scene training (*). For
FLAC, we report mean and standard deviation over 5 generations.
With K=8, FLAC matches or exceeds xRIR and Diff-RIR on per-
ceptual metrics, and with one-shot, it outperforms KNN and xRIR.

Method | K | T60(%)l C50(dB), EDT(ms)| R@5(%)* FDgl
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 3.45.0.02 2.170.0.014 90.02..54 179402 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
XxRIR 8 6.53 3.492 149.69 20.65 0.318
FLAC 8 3.10+0.00 2.167 +0.004 84524024 17414050 0.585
INRAST 12 6.61 3.966 158.07 227 0.797
Diff-RIR" 12 3.74 2.067 88.09 26.97 0.263
0.4 —-®- Uncertainty Persistence

Energy-band Decay

N~

10° 10° 10*

f (Hz)

Time (s)

Figure 8. 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.

+10% C50, -40% R @5), confirming that stochasticity is es-
sential. Quantitatively, FLAC’s intra-conditioning diversity
is 1.0319.20 vs. 22.96 between conditionings (a 4.5% ra-
tio), showing that FLAC introduces meaningful stochastic-
ity while remaining consistent with the context. See Ap-
pendix Ffor a t-SNE visualization.

Sim-to-real transfer. We evaluate real-world generaliza-
tion on the HAA dataset [77]. Baselines include Diff-RIR
[77], a physics-based differentiable renderer, and INRAS
[74], a novel-view acoustic synthesis method, both trained
with 12 references per room to predict RIRs at new lo-
cations. Unlike few-shot models, they must be retrained
separately for each room, requiring hours of training. Fol-
lowing [49], we fine-tune XRIR and FLAC. Note that we
do not fine-tune FLAC’s VAE. Few-shot models adapt to
all four rooms within minutes. For evaluation, AGREE is
also fine-tuned on HAA. As shown in Tab. 3, with eight
shots, FLAC outperforms xRIR and surpasses Diff-RIR on
most perceptual metrics, despite using fewer references and
no room-specific training. While 8-NN performs strongly,
it copies existing RIRs, lacking spatial continuity (audi-
ble ”jumps”). Remaining discrepancies likely stem from:
(i) HAA’s simplified geometry annotations (e.g., tables as
single planes); and (ii) the VAE not being fine-tuned on
real recordings, which may cause its latent representation
to miss certain acoustic phenomena. The small size of
HAA proved insufficient for stable adaptation of the VAE.
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Table 4. Impact of geometry and acoustic encoders: Perfor-
mance on unseen AcousticRooms scenes using different configu-
rations of the geometry ¢ and acoustic ¢ 4 encoders. We com-
pare xRIR’s ViT and DINOv3 ViT-S/16 with three initialization
strategies: trained from scratch, frozen, or fine-tuned VVpino). For
¢ a, we evaluate the ResNet-18 and our frozen VAE encoder.

29

[N ‘K‘T60(%)l C50(dB) | EDT(ms)| R@5(%)T FDgl

ViT Whino

[49] X ResNet | 1 10.91 1.166 42.41 1117 0.328
S/16 [68] X ResNet | 1 10.81 1.090 42.11 15.40 0.318
S/16 [68] % ResNet | 1 10.42 1.427 51.79 5.29 0.373
S/16 [68] ' ResNet | 1 9.95 1.046 40.04 18.9 0.303
S/16 [68] v ‘ VAE 1 9.40 1.057 3931 17.11 0.310

[49] X ResNet | 8 9.46 1.063 39.57 11.80 0.333
S/16 [68] X ResNet | 8 9.29 0.994 38.61 16.24 0.320
S/16 [68] * ResNet | 8 8.87 1.298 46.41 5.92 0.378
S/16 [68] v ResNet | 8 8.60 0.970 37.13 19.38 0.305
S/16 [68] v ‘ VAE 8 8.51 0.945 34.70 17.56 0.310

Table 5. Impact of DiT variants: Performance on unseen Acous-
ticRooms scenes with In-Context, Cross-Attention (CA), and hy-
brid AdaLN+CA conditioning.

Method | K| T60 (%)) C50(@B)| EDT@ms)| R@5(%)T FD¢g.
In-Context 1 69.68 11.199 1236.98 0.06 1.270
CA 1 15.68 1.750 85.98 6.10 0.424
AdaLN+CA | 1 9.95 1.046 40.04 18.92 0.303
In-Context | 8 8.12 1.081 41.97 0.194 0.316
CA 8 9.31 1.234 45.81 11.93 0.342
AdaLN+CA | 8 8.60 0.970 37.13 19.38 0.305

Yet, FLAC one-shot outperforms both KNN and eight-shot
xRIR, highlighting its advantage in data-scarce conditions.

Perceptual Evaluation. We conducted a listening study
with 46 participants on 14 unseen AR scenes. 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 93.01% of cases. Details are given in Appendix G.

5.6. Ablation Study

Conditioning modalities. We analyze the impact of each
conditioning modality by removing either geometry or au-
dio (see Tab. 1). When conditioned only on geometry, the
model maintains strong audio-to-audio recall and outper-
forms random RIR prediction, confirming that geometric
cues provide rich information for RIR synthesis. In contrast,
using only audio leads to a drop in geometry-related met-
rics (recall and FD¢). For perceptual metrics, geometry-
only achieves higher C50 and EDT but lower T60 compared
to the audio-only version. This aligns with their physical
meaning: C50 and EDT are influenced by early reflections
from nearby surfaces, while T60 captures global reverber-
ation that is harder to infer from local geometry. Overall,
combining both modalities through cross-attention yields
the best results, demonstrating the complementary nature
of geometric and acoustic conditioning.

Geometry conditioning encoder. In Tab. 4 we study how
the choice of geometry conditioning encoder affects perfor-
mance. We compare the ViT architecture from xRIR with
DINOv3 ViT-S/16, which have similar parameter counts
(19.8M vs. 21.7M). For DINOv3, we test three variants: (i)
trained from scratch, (ii) frozen pretrained weights, and (iii)
fine-tuned jointly with the model. Even when trained from
scratch, the ViT-S/16 outperforms xRIR’s ViT. As our in-
put differs substantially from RGB images, freezing DINO
weights degrades performance. Fine-tuning DINO yields
the best overall results. We report a similar analysis for the
AGREE geometric encoder in Appendix C.3 , where fine-
tuning DINOv3 ViT-S/16 consistently improves zero-shot
retrieval. Note that even with the same conditioning archi-
tecture as xRIR, one-shot FLAC achieves comparable T60,
FD¢ and higher C50, EDT and R@5 than eight-shot xRIR.

Acoustic conditioning encoder. We evaluate replacing
the jointly trained ResNet-18 with our frozen, pretrained
VAE encoder (see Tab. 4). The VAE improves cross-room
generalization, though at higher computational cost. For ef-
ficiency, we use the ResNet-18 as the default encoder.

DiT variants. We study different DiT conditioning strate-
gies (see Tab. 5). In-Context concatenates all condition-
ing information with the input before self-attention. Cross-
Attention applies conditioning solely via cross-attention
layers. Our approach (see Fig. 3) injects target informa-
tion through AdalLN, and contextual information via cross-
attention. AdaLN+CA outperforms alternative designs. II-
lustrations of variants are provided in Appendix B.3.

6. Conclusion

We introduced FLAC, a generative approach for few-shot
acoustic synthesis based on flow matching. By condition-
ing generation on multimodal few-shot context, FLAC can
synthesize RIRs at arbitrary sensor positions in novel en-
vironments. Our method captures the inherent ambiguity
of few-shot RIR synthesis, an aspect overlooked by exist-
ing deterministic methods. Experiments on two datasets
demonstrated state-of-the-art performance in novel environ-
ments, even with a single reference RIR. We also introduced
AGREE, a joint-embedding space between RIRs and ge-
ometry enabling both zero-shot cross-modal retrieval and
geometry-consistency evaluation. FLAC produces RIRs
that are both perceptually accurate and consistent with the
scene, an important aspect for immersive virtual experi-
ences. Future work may include supporting multiple sam-
ple rates in a single model, and collecting a larger, more di-
verse real-world audio-visual dataset to improve sim-to-real
transfer. The AGREE embedding could also benefit broader
audio-visual learning tasks.
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