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ABSTRACT

Blind room impulse response (RIR) estimation is a core task for
capturing and transferring acoustic properties; yet existing methods
often suffer from limited modeling capability and degraded per-
formance under unseen conditions. Moreover, emerging generative
audio applications call for more flexible impulse response generation
methods. We propose Gencho, a diffusion-transformer-based model
that predicts complex spectrogram RIRs from reverberant speech. A
structure-aware encoder leverages isolation between early and late
reflections to encode the input audio into a robust representation
for conditioning, while the diffusion decoder generates diverse and
perceptually realistic impulse responses from it. Gencho integrates
modularly with standard speech processing pipelines for acoustic
matching. Results show richer generated RIRs than non-generative
baselines while maintaining strong performance in standard RIR
metrics. We further demonstrate its application to text-conditioned
RIR generation, highlighting Gencho’s versatility for controllable
acoustic simulation and generative audio tasks.

Index Terms— blind room impulse response estimation, acous-
tic matching, generative Al, diffusion transformer

1. INTRODUCTION

Room impulse responses (RIRs) are filters that capture the core
acoustic properties of an environment, including reverberation and
coloration, through a compact, parametric representation. They pro-
vide essential auditory context that shapes how sound is perceived
in a given space, contributing to the realism and immersiveness of
audio content. RIR estimation provides a natural basis for acoustic
matching, which aims to transfer the acoustics of a reference space
to new audio so that it blends seamlessly with the original scene.
Recently, the proliferation of publicly available audio crafting
tools, such as speech enhancement and text-to-speech (TTS) syn-
thesis, has further increased the need for more accurate, flexible
acoustic matching. This capability is critical for tasks such as au-
tomated dialogue replacement (ADR), dubbing, and voiceovers, to
ensure perceptual consistency of newly recorded or synthetic speech
with the original context. Likewise, TTS integrates with acoustic
matching to render voices consistently in a chosen environment. Pro-
cessed speech from enhancers can sound overly dry, and benefits
from restoring natural room acoustics. In many scenarios, explicitly
estimating RIRs is often preferred over end-to-end acoustic match-
ing, as it produces reusable filters that can be stored, edited, shared,
and applied across tasks without altering the underlying audio.
Moreover, with the emerging volume of generative tools and
synthetic content, the scope of IR estimation is expanding beyond
acoustic matching to a real audio reference. Applications such as

Work done while Jackie Lin and Nishit Anand were in Adobe Internship.

immersive storytelling, AR/VR, and text-to-audio generation require
soft acoustic matching: the ability to generate diverse, semantically
appropriate RIRs from weak or indirect cues—images, videos, or
natural-language descriptions—in order to create coherent and im-
mersive virtual acoustic environments. Here, generating acoustics
separately from content allows users to modify acoustics without af-
fecting speaker identity or other semantic properties and vice versa.

Despite much work, estimating RIRs from audio recordings in
a blind setting—with no prior knowledge of the room, recording
setup, or source signal—remains a fundamental challenge in audio
processing. Lightweight parametric models are grounded in strong
inductive biases, limiting their ability to capture the complexity of
real RIRs. For instance, blind parameter estimation from reverber-
ant speech [} [2} 3] predicts octave-band reverberation times (T60)
which can be used to drive DSP-based reverberators; however, the
coarseness of these parameters limits the diversity of the synthe-
sized RIRs. A more recent deep learning approach, Filtered Noise
Shaping (FiNS) [4]], constructs RIRs by upsampling a learned vec-
tor in time domain to produce an early reflection waveform and
noise envelopes for the late tail. However, the output space remains
constrained by the model formulation, often producing similar-
sounding or unreasonable RIRs on unseen reverberant speech. In
general, non-generative systems fail to capture the multi-modal na-
ture of the blind inverse problem, and are prone to degeneracy when
faced with unfamiliar inputs. As a response, GAN-based [5] and
language modeling-based [0 [7] generative models have been intro-
duced to mitigate these issues, yet fully closing the perceptual gap
between synthesized and real acoustics remains an open challenge.

We introduce Gench(ﬂ (Generative Echo), a blind room im-
pulse response estimator using diffusion transformers. We address
the limitations of non-generative acoustic matching methods with
our method’s strong generalization capability and ability to produce
diverse, in-distribution RIRs. Moreover, Gencho is designed to work
with modern audio technologies; by leveraging speech enhancement
and source separation to extract dry and early reflected speech sig-
nals, our pipeline focuses specifically on RIR estimation while in-
tegrating seamlessly into end-to-end workflows. Lastly, Gencho’s
generative formulation naturally supports soft acoustic matching in-
volving different controls. Our contributions are as follows:

* We propose Gencho, a complex spectrogram-based diffusion-
transformer that generates diverse, plausible RIRs from rever-
berant speech.

* We propose an enhanced design of a reverberation-structure-
aware audio encoder that improves the model’s matching ac-
curacy and generalization.

* We evaluate the designs and demonstrate Gencho’s flexi-
ble applications to acoustic matching, RIR completion with
hybrid-prompting, and text-to-RIR generation.
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Fig. 1: (a) Model architecture of Gencho, the proposed generative
estimator. (b) The non-generative FiNS-based baseline.

2. METHOD

2.1. Blind Room Impulse Response Estimation

We tackle the problem of blind RIR estimation, which takes a ref-
erence reverberant speech @it = hrer * Srer and estimates the im-
pulse response h..f as a waveform signal without accessing the cor-
responding clean speech st or prior information about the acoustic
space. The estimated RIR is then convolved with the source content
Ssource 10 apply the acoustics acquired from the reference recording.
Our blind RIR estimator aims to work on 48 kHz audio and assumes
a 1.0 s duration for the impulse response. It consists of the structure-
aware audio encoder and diffusion-based generative decoder. Fig-
ure[T]illustrates a schematic diagram of our generative approach and
the non-generative model variants explored in this paper.

2.1.1. Reverberation Structure-Aware Audio Encoder

We first encode the reference recording from the target acoustic en-
vironment @ into a 128-dimensional latent embedding wy.s that
captures the environment’s acoustic characteristics. To this end, we
adopt the time-domain convolutional encoder design from FiNS[4]
that consists of convolutional blocks, each consisting of a 1-D con-
volution with a kernel size of 15 and a stride of 2, and PReLU ac-
tivation. It uses adaptive average pooling at the final output of the
blocks to aggregate time frames into a global latent embedding. As
a modification, we replace the original batch normalization at every
block with a layer normalization to handle fatal failure cases, e.g.,
degenerate predictions when the input audio contains a significant
amount of silence. Note, as shown in Fig.[] that the diffusion-based
model’s decoder is conditioned by the embedding vectors from the
audio encoder also used in the non-generative method.

Our key design improvement to the audio encoder is separating
the early reverberation component from the input audio. One chal-
lenge in blind estimation is to accurately model individual acoustic
properties without mixing them up. An RIR signal can be decom-
posed into two parts, her = RS + Rl which display drasti-
cally different structures in the early reflection component b (i.e.,
sparse) and the late tail component h%¢ (i.e., diffuse noise alike).
Different kinds of nuanced errors, while displaying reasonable dis-
tance in the waveform or spectrogram space, could lead to drasti-
cally different perceptions by listeners. For example, early reflection
errors contribute to the coloration and the sense of distance, while
differences in reverb time are more noticeable when the tail is short.

Recent advances in audio separation and speech enhancement
technologies enable fairly accurate isolation of foreground speech
from background noise, with the flexibility to treat the perceptually
sensible speech as foreground while leaving diffuse-noise-alike re-

verb tails to the background noise. Drawing on this capability and
loosely inspired by the common practice of modeling the early re-
flection and the late tail of an IR separately [4] [6], we depart from
prior methods that process the reverberant speech signal as a whole.
Instead, we leverage a speech enhancement tool to extract the early-
reflected component 2= = R % s,.¢ from the reverberant speech
xrr. The extracted component is a relatively dry speech preserving
the early reflection (e.g., the first 50ms of the reverberation) and col-
oration of the input. Based on this, the audio encoder takes in a
two-channel input, comprising the extracted early component "
and the full reverberant speech ., and encodes it into a global em-
bedding wrs. This structured input enables the model to explicitly
analyze different components of reverberation, resulting in more ac-
curate and perceptually realistic room impulse response estimation.

2.1.2. Diffusion-based Generative Decoder

Diffusion-based models have drawn attention due to their generation
capabilities in domains such as images [8]] and audio [9, [10]. Dif-
fusion models employ a forward process to add Gaussian noise to
the data representation and learn a backward process to remove the
noise via a neural network. In this work, we introduce a diffusion-
based decoder that conditions on the global embedding w;.r from
the audio encoder and generates the complex spectrogram of im-
pulse responses using a diffusion process. The diffusion model en-
ables modeling of the complex distribution of impulse response sig-
nals, producing various plausible yet perceptually consistent impulse
responses. This approach captures the natural variability of room
acoustics, avoiding the collapse behavior observed in the conven-
tional regression-based methods.

Complex Spectrogram Representation. Since RIR’s spectrogram
coefficients are sparse and of high variance, input normalization is
essential: all one second-long target RIRs A are p-law encoded
in the waveform domain to emphasize low amplitudes, transformed
via short-time Fourier transform (STFT) with a frame size of 128
and a hop size of 64 samples to yield a complex spectrogram
H € C5 %75 Each spectrogram coefficient c is then power com-
pressed ¢ = S|c|*e?“¢ with empirically chosen o = 0.3 and § = 2.
The final input dimension is R*3°%75! where the real and imaginary
components are separated and stacked. We also experimented with a
latent diffusion transformer using VAE latents learned from generic
audio. However, it did not work as well as complex spectrogram dif-
fusion, likely because the semantic relationships and distances in the
general audio VAE space do not correlate strongly with perceptual
distances in RIRs.

Diffusion Formulation. We use the v-prediction reparameteri-
zation [11] for the diffusion training objective, which has been
shown to be more stable and effective than the naive reconstruc-
tion objective in producing high-quality outputs in audio generation
domains [12]. The model structure is a Diffusion Transformer
(DiT) [13] that offers significant advantages in scalability and ro-
bustness. The model conditions on the timestep embedding of the
current diffusion step via adaptive layer normalization, and consists
of transformer layers, each comprising RMS normalization, self-
attention, cross-attention, another RMS normalization and a linear
layer. It cross-attends to the encoded audio embedding from the
encoder to guide the generation. We use classifier-free guidance
during training, dropping out the condition with 10% probability, to
encourage the model to learn both the conditional and unconditional
distribution of RIRs.

Conditioning. We condition the diffusion transformer on the global
embedding from the audio encoder via cross-attention. During train-



ing, we experimented with two initialization setups using the pre-
trained audio encoder obtained from the non-generative FiNS-like
model training: training from scratch and warm initialization. Warm
initialization overall shows faster convergence and more stability.
RIR Completion and Hybrid Approach. During training of the
diffusion model, we apply prefix prompting with a 50% probability,
replacing up to the first 50ms of diffusion latent frames with the cor-
responding ground-truth RIR. This encourages the model not only
to learn to generate an RIR from scratch, but also to "complete” an
RIR from its early reflection component (i.e., as in [14]), offering
versatile capabilities in downstream tasks. The model generates var-
ious versions of tails that sound perceptually coherent with the given
partial RIR signal, allowing diverse data augmentation for acous-
tic simulation. We also develop a hybrid approach (see Sec. ) that
combines the benefits of the non-generative approach and the gener-
ative approach: we use the FiNS-like formulation to predict the early
reflections while using the diffusion model to complete the tail.

3. EXPERIMENTS

3.1. Experiment Setup

The Baseline Model Variants. Three variants of FINS were imple-
mented as the regression-based baselines: (1) the original model, (2)
a version with batch normalization layers replaced by layer normal-
ization as described above, and (3) the layer normalization variant
modified for two-channel input (the separated early reflected speech
and the reverberant speech). Training was performed with a batch
size of 256 for 60k steps using the AdamW optimizer with expo-
nential decay scheduling starting at I = 0.0001 with decay rate
v = 0.999996. We use the multiresolution STFT loss following the
original FiNS.

The Diffusion Model Variants. The transformer-based backbone of
the diffusion model has a hidden size of 256, comprised of 8 layers
with 8 attention heads each, with learned positional embeddings, gk
normalization, and a dropout probability of 0.1. Two diffusion model
variants were implemented: (1) a single-channel model and (2) a
dual-channel model. The diffusion encoders were warm-initialized
with the trained encoder weights from FiNS variants (2) and (3),
respectively, as they share the same encoder architecture. The dif-
fusion model was trained for 100k steps with batch size = 256
on 8-gpu A100 using an AdamW optimizer and with linear cosine
scheduling starting at [r = 0.0001 and decaying to 0.00001.

For inference, we adopt a DPM++ 2M SDE sampler with a Kar-
ras [15] noise schedule, using a log-SNR range of +5.0 to -8 and
p = 7.0 to shape the noise decay, along with 24 sampling steps and
a classifier-free guidance scale of 3.0.

3.2. Datasets

Training Datasets. The models were trained using a collection of
room impulse responses from OpenSLR28 [16], the MIT IR Sur-
vey dataset [[17], EchoThief [[18]], Arni [19], dEchorate [20]], and the
ACE Challenge dataset [21]. Since many of these datasets contain
only a dozen unique rooms, but thousands of similar-sounding RIRs
(mainly due to variations in microphone placement), we balanced the
training data by weighting the contribution of each dataset accord-
ing to its number of unique rooms, preventing overrepresentation of
any single acoustic environment. Reverberant speech inputs were
created by convolving these RIRs with clean speech from LibriTTS-
R [22], a 585-hour high-quality dataset that was further upsampled

to 48 kHz using bandwidth extension [23]]. To increase acoustic di-
versity, we applied data augmentations to RIRs and clean speech sig-
nals based on prior work [24} 25], randomly modifying the gains of
direct-to-reverberant ratio and reverberation time durations for RIRs
as well as scaling clean speech with varying speeds and volumes.
All RIR signals were standardized to one second in length and nor-
malized to a unit direct arrival energy at 2.5 ms, and the reverberant
speech inputs consist of 5-second segments.

Evaluation Datasets. We evaluated the models on an out-of-domain
dataset to examine their generalization capabilities. The test set
consists of RIRs from BUTReverbDB [26] and OpenAIR [27]] con-
volved with clean speech from the DAPS dataset [28]], which in to-
tal span over 50 different environments, containing different signal
characteristics and acoustic distributions from the training time.

4. RESULTS AND DISCUSSION

We report the standard RIR metrics of the methods. For each target-
generated RIR pair, we compute the reverberation time to -60dB
(T60), early decay time to -10dB (EDT), direct to reverberant ra-
tio (DRR), and clarity index (C50). The percentage absolute error
(PAE) of each time-related metric, and mean squared error (MSE)
and mean absolute error (MAE) of every metric are reported in
Tab. [T] for the out-of-domain test set. First, we see that the original
FiNS does not perform well on new, unseen data; the layernorm and
the structure-aware encoder improve performance, achieving 15.5%
PAE on the EDT, 2.29 dB and 1.41 dB. Our diffusion-based model
Gencho+2ch (taking in both the early reflected speech and the full
reverberant speech) shows benefits in more accurately modeling the
reverberation time, achieving the lowest T60 error with 13.6% PAE
and 0.18s MAE, but degrades on EDT, DRR, and C50. We hypothe-
size that diffusion models are effective at modeling the randomness
of noise-like tails in reverberation, but their inherent stochasticity
may introduce excessive variability for early reflections, which tend
to have clearer and more structured patterns.

Meanwhile, the RIR statistics on the evaluation dataset plotted in
Fig.|Z|sh0w that our generative model is more expressive and approx-
imates the underlying distribution of the target RIRs more closely
than the non-generative baselines. The joint distribution of T60 and
DRR reveals that FiINS exhibits a stronger inverse correlation be-
tween the two. This is likely a result of "regression to the mean",
where the model tends to default to the common, averaged pattern
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Fig. 2: Distribution of T60 vs EDT, and T60 vs DRR of the evalua-
tion, our generated, and the FiNS layernorm generated samples.



Table 1: Comparison of the non-generative baseline and our diffusion model across T60, EDT, DRR, and C50 metrics.

T60 EDT DRR C50
Model PAE (%) MSE (s) MAE (s) ‘ PAE (%) MSE (s) MAE (s) ‘ MSE (dB) MAE (dB) ‘ MSE (dB) MAE (dB)
FiNS (original) 523 1.33 0.68 45.1 227 0.43 15.92 2.79 53.10 3.47
FiNS layernorm 22.6 0.19 0.31 20.1 0.14 0.22 8.93 2.38 3.69 1.45
FiNS layernorm + 2ch 14.2 0.10 0.20 15.5 0.08 0.16 8.86 2.29 3.89 1.41
Gencho + Ich 16.3 0.13 0.23 26.4 0.22 0.28 2591 4.11 12.15 2.69
Gencho + 2ch 13.6 0.08 0.18 34.8 0.16 0.25 25.62 4.04 11.81 2.66
Hybrid + 2ch @5ms 13.5 0.085 0.184 23.6 0.14 0.23 26.75 3.53 14.16 2.63
Hybrid + 2ch @25ms 13.8 0.085 0.185 25.5 0.13 0.23 23.78 3.40 12.09 2.45

that less reverberant environments are typically smaller and therefore
associated with higher DRRs.

Hybrid approach. As observed, the non-generative baseline
achieves more accurate DRR, whereas the diffusion-based approach
produces more realistic decaying reverberation tails as reflected
by improved T60 accuracy. Motivated by these complementary
strengths, we construct a hybrid approach leveraging the IR com-
pletion capability of the trained diffusion model. We first estimate
the RIR using the improved FiNS, then feed the early portion of that
as a prompt to Gencho to generate the remaining RIR. We report
the performance of this hybrid approach for prompt lengths = 5 ms
and 25ms in Tab. [T} The results show that this hybrid approach
improves the accuracy of the generative model in EDT and DRR
while maintaining T60 accuracy.

5. TEXT-TO-RIR GENERATION

Our diffusion-based RIR generator enables the creation of diverse,
novel impulse responses under weak guidance and can be extended
to a broad range of multi-modal applications. It offers flexible con-
trols over acoustic properties and allows users greater freedom to
explore virtual acoustic spaces. To demonstrate, we adapt the model
for text-conditioned RIR generation (i.e., text-to-RIR) by replacing
the audio encoder with a Flan-T5-XXLE]text encoder. The diffusion
model cross-attends to the text embedding sequence. This allows
natural-language descriptions of an acoustic environment, e.g. “a
large cathedral with long echoes and a distant human talker", to con-
dition the diffusion process to generate semantically matching RIRs.

The training dataset comprises approximately 150K pairs of im-
pulse response signals and their corresponding text captions gener-
ated by ParalLLM [29] using a similar set of RIRs as in the aforemen-
tioned experiments. Each caption describes the semantic interpreta-
tion of the acoustic characteristics of the RIR in natural language,
such as the perceived spaciousness of the room, the speaker’s appar-
ent distance, and the clarity of the speech. We fine-tune a pre-trained
Gencho decoder together with the newly introduced text encoder to
enable transfer learning and accelerate convergence. We then eval-
uate the model on the validation RIR-caption pairs held-out from
training as well as on a set of newly generated RIR-caption pairs
covering unseen RIRs from OpenAlIR [27].

Fig. [3| illustrates the strong correlations between reverberance-
related keywords in the text descriptions and the acoustic properties
(DRR and T60) of the generated RIRs across both test sets. Each
keyword results in a differently centered distribution of acoustic
properties that is semantically consistent with the keyword. For
example, the keyword "tight (space)" leads to shorter reverberation

Zhttps://huggingface.co/google/flan-t5-xx1

time, while "spacious” leads to longer reverb tails. OpenAIR does
not contain closely captured impulse responses, so the keyword
"close" does not appear in its captions. We further evaluate the
accuracy based on the acoustic property bins designed in ParaLLM:
DRR Level as DRR values divided into < 5,5 ~ 11, and > 11 db
ranges, T60 Level as < 0.5, 0.5 ~ 1.2, and > 1.2 in seconds, and
lastly a 3-by-3 grid of overall Reverb Level crossing DRR level and
T60 level. We generated five variations of RIRs per text caption,
achieving average accuracies of 70.1% and 89.1% on DRR Level
for in-domain and out-domain test sets, 82.7% and 85.1% on T60
Level, and 57.2% and 76.3% on Reverb Level. The results show
strong alignment with the ground-truth categories of the RIRs paired
with the text captions, while the in-domain test set generally yields
lower accuracies due to its broader thus more challenging coverage
of acoustic environments. We refer readers to our demo page to
check out the text-to-RIR examples.

DRR Value Distribution versus Keywords RT60 Value Distribution versus Keywords

i\ 3
£ / .
g2 [ \ N\ 8, 1
8= W (/ \S A S <
X y V™ |- /)L\ a5 Jg:
Y =
- /l\ \ g’
1| ¥ 4@ o
it @ | . 4
= N /,‘\5 e D
¥
&° B & & o o
¢ "‘°b:‘:\°ae * Keywords ’ "‘&t‘;’ab 5&0\

Fig. 3: Violin plot. x-axis is short text prompts perceptually related
to reverberance. y-axis is the DRR and T60 of generated RIRs.

6. CONCLUSION

We introduced Gencho, a diffusion transformer for blind room im-
pulse response estimation that generates complex spectrogram RIRs
from reverberant speech. The model leverages a structured input
of separated early and late reflections to improve the robustness
of conditioning information, and generates diverse, perceptually
realistic outputs via a diffusion process. Gencho integrates seam-
lessly with standard speech-processing pipelines and can be adopted
to a range of novel controllable tasks, including RIR completion
and text-conditioned RIR generation. Experiments demonstrate
improved generalization and richer acoustic statistics compared to
non-generative baselines, establishing Gencho as a flexible tool for
controllable acoustic simulation and generative audio applications.
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