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7. Supplementary Material

In this supplementary material, we provide further analyses

and details about our approach, and we will release code and

data upon acceptance.

• Supplementary video (with audio) for qualitative results,

Sec. 7.1

• Details of the proposed evaluation metrics for measuring

our predictions’ ability to capture the material-dependence

of scene acoustics (Sec. 7.2) as mentioned in L399 and

L414 in Sec. 4.4 in main

• Computation cost analysis of our model and the base-

lines(Sec. 7.3) as stated in L537 in Sec. 5.3 in main

• Additional Analysis of our model for fine-grained changes

to the material mask (Sec. 7.4)

• Model architecture (Sec. 7.5) as mentioned in L381 in

Sec. 4 in main

• Limitations and Discussion (Sec. 7.6 )

• Real-World Experiments (Sec. 7.7)

• Details about Perceptual Evaluation of Our Model using

Humans (Sec. 7.8), as mentioned in Sec. 5.2 in main

• Evaluation Setup (Sec. 7.9) as mentioned in Sec. 5 in main

7.1. Supplementary Video

We provide a supplementary video with audio to qualitatively

show our model outputs. Specifically, we show qualitative

examples, which are speech samples from Librispeech[54]

dataset, convolved with predicted RIRs from our model,

compared against the same when convolved with the outputs

of our best baselines. The results demonstrate the ability of

our approach to model the fine-grained changes in both the

material and spatial layout in the scene.

7.2. Metrics for Evaluating Material Specificity

In this section, we provide additional details for our pro-

posed evaluation metrics for capturing our model’s material

awareness, MatC and MatD.

7.2.1. Material Classification Accuracy (MatC)

The MatC metric measures the effectiveness of a method’s

ability to model the material impact on RIRs in single-

material setups. In particular, this metric leverages a network

that is trained to predict the material type from a given RIR,

where all objects in the scene are assigned a single mate-

rial. To compute this metric, we freeze the above-mentioned

material classifier, run inference with it and compute its ac-

curacy vis-a-vis predicting the expected material type as its

output.

We pre-train the material classification network using the

SSv2 [10] simulator and the MP3D [6] dataset. We use the

same splits as M-CAPA [62] with 76, 3 and 5 scenes in train,

val and test, respectively. Additionally, the total ground-

truth RIR count is 167K for train, 6.6K for val, and 11K for

test. To generate these RIRs, we randomly sample a single

material class from the AcoW [62] dataset, assign it to all

objects in a scene, and finally capture the echo responses

from from different locations and viewpoints in the scene.

Using this data, we train a ResNet18 [26] architecture to take

2-channel binaural RIRs, represented as spectrograms, and

classify it into one of the 11 material classes from AcoW.

During training, we apply Gaussian noise to the RIRs to

ensure the classifier is robust to microphone noise [32, 70]

We train the classifier for 50 epochs with the Cross-Entropy

loss [50] and a learning rate of 0.01. This classifier is able to

achieve 96.7% accuracy on the test set.

7.2.2. Material Distribution Accuracy

This metric is used to measure the accuracy with which a

model can capture in its predicted RIR the acoustic signature

of a distribution of different materials in the scene. Here,

we use a network that is pretrained to predict the material

distribution in the scene given an RIR, where (unlike the

case with MatC) the various objects in the scene can have

different materials.

For this metric, we use the same training, validation, and

test splits as described in Sec 5. To pretrain this network,

we first extract the material class distribution obtained from

the material segmentation mask M as a percentage of area

covered for each material class. Next, we group these distri-

butions into 36 distinct clusters using K-Means [66]. This

helps us group scenes that have similar material configu-

rations together. We then train a ResNet18 network [26]

such that for a given binaural RIRs, it will predict the cluster

index that corresponds to the material distribution associated

with that input RIR. This cluster classification network is

trained for 10 epochs with the Cross-Entropy loss [50] and

a learning rate of 1e−3. This network achieves 77% Top-5

accuracy on the test split. For computing this metric, we

freeze the network, run inference with it and measure its

top-5 accuracy vis-a-vis predicting the expected material

distribution cluster as its output.

7.3. Computational Costs

Table 3 shows a comparison of our model and the baselines

on the basis of the number of trainable parameters, GFLOPs

and inference time. Note that when counting our model



Method Params (M) GFLOPs Inf. Time (ms)

Image2Reverb [67] 57.6 276.91 198.44

FAST-RIR[58]++ 132.68 57.84 121.76

M-CAPA 5.84 11.24 76.61

JM-CNN 14.99 10.71 187.86

JM-Enc 6.22 6.21 227.81

JM-QFormer 7.34 7.29 293.10

MatRIR (Ours) 13.28 14.11 270.56

Table 3. Computational cost of our approach (MatRIR) and the

baselines.

parameters, we exclude the modules like DinoV2 [53] and

Midas [4], as they are kept frozen during training.

7.4. Additional Model Analyses

In this section, we conduct further analysis of our model’s

ability to capture fine-grained variations in the spatial layout

as well as material configurations of the input scenes. Fur-

thermore, we study the impact of the type of the dominant

material in the input material mask on the model perfor-

mance.

7.4.1. Fine-Grained Environmental Changes

Our approach to material-conditioned RIR generation ex-

plicitly disentangles the spatial and material components

of the room impulse response. This disjoint modeling en-

ables fine-grained and interpretable control, allowing us to

modify material properties of the scene while preserving the

underlying geometric layout of the scene. Our method uses

this modular approach to generate accurate and meaningful

variations in environmental acoustics, conditioned on unique

material properties.

To this end, we show qualitative examples in Fig. 6, where

we demonstrate the fine-grained control over material vari-

ations provided by our model. For each example, we use

two distinct material configurations while keeping the spa-

tial layout of the scene fixed. The RIR predictions for these

examples highlight that our model consistently captures the

spatial aspects of the ground-truth RIR, while also success-

fully incorporating the material properties of the target ma-

terials in M . In particular, our approach reliably modifies

the spatial RIR ÂS , modulating reverberation patterns to

accurately reflect the material configuration of the environ-

ment, producing RIRs closer to the ground-truth every time.

In contrast to our approach, M-CAPA grants limited con-

trol on environmental material changes, generating nearly

identical RIRs across different spatial and material config-

urations. For instance, in the first example, when the walls

change from concrete to brick, our model modulates the spa-

tial RIR ÂS to accurately predict the material-conditioned

RIRs ÂM ,whereas M-CAPA predictions remain relatively

unchanged across these two material settings.

7.4.2. Material Composition Analysis

Here, we evaluate how difficult each material from the AcoW

dataset is for our model to capture in its predicted RIRs.

To this end, we assign all objects in an input to a single

material and plot in Fig. 7a how the model performance

changes in relation to the assigned material Specifically,

the figure shows the value of the MatC metric—material

classification (cf. Sec. 7.2.1) accuracy—for every material in

the AcoW dataset. Notably, the model can accurately capture

the acoustics for most materials; however, steel seems to be

a difficult class for our model to acoustically model.

We evaluate our model’s effectiveness in capturing a mix-

ture of material distributions in the predicted RIR by using

the MatD metric (cf. Sec. 7.2.2). Figure 7b shows the ac-

curacy of this metric with respect to various distribution of

materials over the 11 material classes in the dataset. We use

the cluster center (see Sec. 7.2.2) as the representative of

each group of similar material distributions. We have 36

unique material distributions in total. Our model is able to

capture acoustic characteristics of the scene with distribution

over materials in cluster 1 and 31 accurately. Analyzing

the most prominent materials at these cluster centers, we

find that cluster 1 contains large distribution of sound-proof

material at 44% and glass material at 24%, and cluster 31

contains large distribution of steel at 43% and glass at 16%.

Our model can accurately capture the acoustic properties of

these mixture of materials in the scene.

On the other hand, we notice that our model performs

poorly on cluster 10 which contains mixture of carpet at 28%

and concrete at 29%. We also notice the same performance

on cluster 25 with 28% acoustic tile material and 27% grass

material and cluster 34 with 28% concrete and 27% brick.

These mixture of materials in the scene seems difficult for

our model to capture acoustically, resulting in a 0% accuracy

on the MatD metric for these particular distributions.

7.5. Model Architecture

In this section, we provide further details about our model’s

architecture and training.

Depth Predictor We use a pretrained model from [4] to

obtain the depth map input for our model by feeding in our

visual representation as an RGB image V and obtaining a

depth map. We normalize this depth map and use it as a

grayscale image.

Spatial Encoder Our spatial encoder ES is a pretrained,

frozen DINOv2-Large [53] encoder that takes visual rep-

resentations RGB (V ) and depth map (D) and produces a

feature maps ev, ed ∈ R
256×1024 extracted from the 18th

layer, where each feature map has 256 tokens and is 1024-

dimensional.
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(b) MatD accuracy vs. material distribution

Figure 7. Evaluation of acoustic modeling with respect to the type

and distribution of material present in the target material mask.

Spatial RIR Decoder To learn spatial acoustic features,

we follow Blip-2 [38] architecture for our Spatial RIR De-

coder RS . We implement a 4-layer transformer decoder with

256 dimensionality, feedforward layers of 512 dimensional-

ity, and a dropout rate of 0.1. To identify each input modality

in this decoder, we follow [49] by using modality-specific

embeddings sv for vision modality V and sd for depth modal-

ity D. These modalities are concatenated with their respec-

tive modality features ev, sv and ed, sd, and passed through

a projection layer to bind modality-specific features. The

final modality-specific feature tokens are concatenated into

a single sequence and projected to decoder dimensionality

f ∈ R
512×256 and used as keys and values. Meanwhile,

spatial queries of length 256 are used as the queries for our

decoder. The output from this module RS is learned tokens

gs ∈ R
512×256.

Material RIR Encoder This module, RM , conditions

the spatial RIR on material information. We follow a 4-

layer transformer encoder [18] with a 256-dimensionality,

feedforward of 512-dimensionality, and a dropout rate of 0.1.

We first use a convolutional patch extractor that patchifies

each channel of the spatial RIR ÂS separately. We create

patches of size 16×16 for each channel, then concatenate the

tokens and use a 2-layer MLP to project such that an average

feature is learned for each corresponding patch of the left and

right channel spectrograms. Furthermore, this module uses 4

re-weighting tokens [29] to learn cross-modality modulation

between material and spatial acoustics. These tokens are

projected to the dimensionality of the encoder such that

R ∈ R
4×256. Features of M, ÂS , R are concatenated and

fed as input to FM ,which performs self-attention across the

input space. Next, we extract encoded audio tokens gm and

re-weighting tokens gr from the encoder and feed them into

their respective modules.

Audio Feature Upsampling Network The upsampling

network US consists of 4 transpose convolution layers. Each

layer consists of a transpose convolution with a kernel size

of 2 and a stride of 2, followed by 2 convolutional layers and

leaky ReLU activations [81]. The input feature to the model

is upsampled using [512, 256, 128, 64, 32] channels. Finally,

a two-layer MLP follows the maps the output to a 2-channel

spectrogram of size 256× 256.

Material-Aware Audio Feature Upsampler Similar to

US , this module UM upsamples feature map from the ma-

terial encoder gm. Features from gr are independently pro-

jected to each layer of UM using a linear projection followed

by sigmoid [24] to modulate the output in consecutive layers

with cross-modal reweighting features. The output of this

module is the final estimation of the material-aware binaural

spectrogram.

Cross-Modal Correspondence Network This network

uses dual ResNet18 architectures for encoding material map

M and predicted RIR ÂM , followed by a 3-layer MLP that

classifies whether these two inputs correspond or not. We

pretrain this network on the training data from [62] for 10

epochs with Binary Cross-Entropy Loss, where 75% of the

batch, during training, consists of negative samples. We

achieve an 81% accuracy on the unseen scene and unseen

material split. Once trained, we freeze the weights of this

network and feed it with M and predicted RIR ÂM from FM

and use the output to provide feedback to the model during

training. We use Binary Cross-Entropy as an augmented

training objective to the main model F .

7.6. Limitations and Discussion

We show that our disjoint modeling for RIR prediction quan-

titatively outperforms strong baselines and SOTA, in both

acoustic and material-based metrics. Qualitative results show

the effectiveness of our approach in producing spatial and

material-aware RIRs. However, as we show in Fig. 5 in main,





Figure 10. Interface for our user study where participants listen

to predicted RIRs from MatRIR and M-CAPA, convolved with

clean speech audio, and select which model produces more realistic

acoustics.

a randomly-chosen single RGB image, and consequently, a

single depth map depicting the spatial layout in the scene, but

different target material masks. By modifying the object-to-

material assignments in the scene, we demonstrate how our

model modulates its initial estimate, ÂS to reflect different

material configurations. For example, assigning glass or

carpet to the floor, walls, and ceiling yields distinct patterns

in our final RIR prediction, ÂM , indicating that variations in

the material assignments in the environment influence our

modeled scene acoustics. These qualitative results in the

real-world setup demonstrate our model’s ability to produce

material-aware RIRs in real-world settings.

7.8. Perceptual Material User Study

To evaluate the perceptual quality of our model predictions,

we conduct a user study, where participants are required

to rank two outputs–one from our approach and the other

from the SOTA M-CAPA [62] baseline. Figure 10 shows the

interface used for this study. For this user study, we select 22

random samples from our hardest test split, Duu, where both

the environments and the material configurations are not

previously seen. Importantly, all qualitative examples shown

in this paper are from this split. Having obtained the RIR

predictions of a model for the Duu split, we first convolve the

RIRs with clean anechoic speech from the LibriSpeech [54]

dataset. Next, we provide an RGB image of a scene to the

participants of the user study and ask them to 1) first observe

a certain target material mask and listen to the convolved

audio produced using the ground-truth RIR corresponding

to the spatial structure shown in the image and the given

material mask, in order to get a sense of how the material

properties affects the corresponding spatial audio; 2) then

listen to the spatial audios corresponding to our method and

the M-CAPA baseline under a new material configuration but

the same spatial layout; and 3) finally rank the models vis-

a-vis how well their predictions match the target materials.

We observe that the participants preferred predictions from

MatRIR over those from M-CAPA in 60.4% of the cases.

This shows that our method can better capture changes in

the material composition of the environment than previous

work.

7.9. Evaluation setup

We evaluate our approach using existing methods and base-

lines that cover various aspects of RIR generation. Im-

age2Reverb and FAST-RIR++ are state-of-the-art (SoTA)

approaches for RIR prediction using vision and spatial cues.

Both these baselines exhibit low performance in evaluations,

even after training with the AcoW dataset. This shows that

reliance only on visual or spatial cues from the environment

is not sufficient to generate accurate, material-conditioned

RIRs.

Our approach disjointly models spatial and material

cues from the environment, generating spatial-specific and

material-specific RIRs for each material mapping and scene.

To isolate the impact of this disentangled approach, we cre-

ate JM-* baselines that jointly model all environmental cues

using the same input features as our model. JM-CNN uses a

CNN decoder approach to estimate the material-conditioned

RIR. JM-Transformer uses a transformer encoder approach

with the same architecture as our material encoder RM , to

encode all environmental features jointly. JM-QFormer fol-

lows our spatial RIR decoder RS to learn a set of tokens

by cross attending against input environmental features. We

construct these baselines to explore the impact of joint mod-

eling and compare out isolated, disentangled RIR prediction

approach

Finally, we evaluate on current SoTA vision-based

method that explicitly maps material configurations to RIRs,

M-CAPA. This method uses visual input (V,M) to directly

estimate the material-conditioned RIR. Interestingly, our ap-

proach of separately predicting spatial and material RIRs

produces more accurate results over SoTA methods that

jointly model material-conditioned RIR.
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