
1. Additional related work

3D scene understanding. There has been extensive re-
search in the field of visual 3D scene understanding. Previ-
ous studies have primarily focused on training models us-
ing accurate 3D labels [6, 21], addressing tasks such as
3D object classification [25], 3D object detection [4, 5],
and 3D semantic and instance segmentation [3, 10]. Open-
Scene [19] introduces a zero-shot method for understanding
3D scenes with an open vocabulary. This approach lever-
ages CLIP embeddings to calculate dense features for 3D
points, co-embedded with text strings and image pixels, to
facilitate 3D semantic segmentation.

In comparison to existing ML-based approaches that rely
solely on RF measurements, Diffusion2 requires signifi-
cantly fewer RF measurements for training due to the use of
the 3D environment model. 2) By using the 3D environment
model as input, it supports various environments without
significant measurement overhead or retraining, whereas
approaches like NeRF2 and RF-Diffusion necessitate exten-
sive new measurements and retraining whenever the envi-
ronment changes. 3) It supports multiple frequencies. 4)
It can generate RF heatmaps for both static and dynamic
3D scenes. In short, Diffusion2 combines the strengths of
both ray tracing and ML-based approaches to achieve high
accuracy, fast performance, flexibility (supporting multiple
frequencies and both RF heatmap images and videos), ease
of use, and requires minimal training data.

2. Modeling RF propagation with diffusion
models

Predicting radio frequency (RF) propagation is challeng-
ing. While the underlying physics is deterministic, real-
world environments introduce significant uncertainty from
factors like noisy 3D scans, unknown material properties,
and complex multipath interference. Consequently, ex-
act, path-based simulations are often computationally in-
tractable, and simple regression models struggle to capture
the full range of possible outcomes [28].

We propose a diffusion-based framework that learns a
distribution over plausible RF fields rather than predicting a
single, deterministic outcome. This approach embraces un-
certainty and decomposes the complex problem of field pre-
diction into a sequence of manageable denoising steps. This
paradigm has proven effective in other physics-grounded
domains, such as world modeling in Cosmos [2], by pro-
gressively refining an output to ensure it remains physically
plausible. Our work extends this concept to RF propaga-
tion, demonstrating that diffusion models can accurately fit
simulated data while respecting the physical principles of
wave propagation.

2.1. Overcoming the limitations of prior models

Previous attempts to model RF propagation with generative
models often fell short. As noted in the NeRF2 [28], mod-
els like DCGANs and VAEs failed to generalize because
they treated RF heatmaps as static spatial signatures tied
to a transmitter’s location. Instead of learning the physics
of propagation, they simply memorized geometric patterns.
NeRF2 made progress by incorporating a more physically
grounded radiance field representation.

Our model, which we call Diffusion2, builds on this in-
sight. We structure the diffusion process to explicitly mimic
the temporal dynamics of wave propagation. Our model
initiates the process with high signal intensity concentrated
near the transmitter, which then gradually diffuses outward.
This behavior is not just a generative artifact; it is an emer-
gent property that aligns with physical reality.

This physically grounded approach is crucial for learn-
ing true propagation semantics. We observed that when
key components of our architecture were removed (e.g., in
a single-frequency baseline), the model reverted to overfit-
ting, reproducing spatial artifacts of the environment (e.g.,
apartment layouts) without modeling genuine signal dy-
namics. In contrast, our full model generates coherent and
physically plausible propagation trajectories.

2.2. The advantage of a probabilistic framework

The core advantage of diffusion over deterministic meth-
ods is its ability to represent a distribution over possible RF
fields. This probabilistic approach provides inherent robust-
ness to the uncertainties and incomplete observations com-
mon in real-world scenarios, such as material variations or
missing geometry in a 3D scan. By learning a range of plau-
sible outcomes, the model generalizes more effectively.

In summary, diffusion offers a physics-aligned and
uncertainty-aware framework that bridges the gap between
computationally expensive deterministic simulations and
brittle pattern-matching approaches.

3. Diffusion process with condition

The overall diffusion consists of two processes: forward
noising q(.) and reverse denoising p(.).
Forward process. Following a Markov chain, a forward
process generates zt starting from the original signal la-
tent z0 by sequentially adding a Gaussian noise distribu-
tion t times. The forward process finally generates the ran-
dom noisy latent zT , which becomes a normal distribution
N (0, I). However, since the diffusion step T is usually set
over 1,000, forwarding all steps sequentially is inefficient
from a computing resource perspective. So, DDPM applies
the reparameterization trick that samples with some steps
skipped to process directly from z0 to zt as follows:



q(zt|z0) := N (zt;
√
ᾱtz0, (1− ᾱt)I) (1)

:=
√
ᾱtz0 +
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where αt =
∏t

i=0 αi, αt = 1 − βt, and ϵ ∼ N (0, I). β
represents noise variance schedule and ϵ denotes sampled
noise from a normal distribution.
Reverse process. In the denoising process, we use the same
normal distribution as the forward process and assign the
task of predicting a mean µ and a diagonal covariance ma-
trix Σ of the distribution to neural networks as follows:

pθ(zt−1|zt) := N (zt−1;µθ(zt, t),Σθ(zt, t)) (3)

where µ denotes the predicted mean of the distribution and
Σ represents the predicted variance. We append the symbol
θ indicating it is trained through neural networks. With this
process, we can finally infer the original signal latent z0
from random noisy latent zT .
Visual-condition guided denoising process. To consider
RF signal information during the denoising process, we re-
formulate Eq. 3 by adding a visual condition c [8]:

pθ(zt−1|zt, c) := N (zt−1;µθ(zt, t, c),Σθ(zt, t)) (4)

The visual condition c, which represents our RF-3D Fea-
tures, turns the probability formula in Eq. 3 into a condi-
tional probability Eq. 4. It requires that every step of the
diffusion process adheres to the given conditioning c, which
reflects the real physical environment. The design of condi-
tioning c is critical as it determines whether we can provide
rich input signals to feedback environmental information,
thereby making the generated RF signal map as consistent
with the real scenario as possible.
Inference acceleration with DDIM. DDPM follows a
Markov chain, so the inference is slow because generat-
ing a single image requires passing T , typically over 1,000
diffusion steps. DDIM notices that the objective function
of DDPM depends directly on the marginal distribution
q(zt|z0) not the joint distribution q(z1:T |z0) and introduces
the non-Markov chain to speed up the reverse process with
little performance degradation. DDIM reformulates the for-
ward process as follows:

q(z1:T |z0) := q(zT |z0)
T∏

t=2

q(zt−1|zt, z0). (5)

According to Bayes’ theorem, q(zt−1|zt, z0) is also a
Gaussian distribution, and the mean and variance are de-
termined to ensure q(zt|z0) := N (zt;

√
ᾱtz0, (1 − ᾱt)I)

according to Eq. 1 for all t > 1 as follows:

q(zt−1|zt, z0) := N (zt−1; µ̃(zt, z0), β̃tI) (6)

where

µ̃(zt, z0) =

√
ᾱt − 1βt

1− ᾱt
z0 +

√
ᾱt(1− ᾱt−1)

1− ᾱt
zt, (7)

β̃t =
1− ᾱt−1

1− ᾱt
βt. (8)

Note that the forward process of DDIM is a non-
Markovian process because zt is dependent on not only
zt−1 but also z0. We adopt the improved inference pro-
cess [22] by fixing the variance schedulers α and β during
the forward process and setting Σ to 0 during the reverse
process. In other words, our neural networks focus on pre-
dicting µθ in the denoising process to generate deterministic
outputs.

3.1. Network training

Transform to signal latent space. Training and inference
of diffusion models directly based on pixel space require a
lot of computing resources and time for optimization [20].
Following the latent designs [8, 20], we encode the pixel
space into latent signal space before the diffusion process
and decode it backward to generate the RF signal map on
a pixel-by-pixel basis. The latent encoder consists of two
sequentially connected 2D convolution layers and Tanh as
an activation function, while the latent decoder has one se-
quentially connected 2D transposed convolution layer, one
2D convolution layer, and a sigmoid function as an activa-
tion. This transformation into latent space allows for in-
depth analysis of the relationships between pixels, which
are receivers (RXs) in our problem. The neural networks
of the decoder and encoder are indirectly trained by mini-
mizing the signal loss calculated pixel by pixel, not latent
space, as shown in Eq. 9.
Loss function. We have neural networks to train, denoted
as θ, in the reverse process. Since we set Σθ(zt, t) to 0 for
deterministic predictions, we only consider the L2 loss for
the denoising prediction and diffusion output, as follows:

LD = ||zt−1 − µθ(zt, t, c)||2 (9)

where zt−1 is calculated based on Eq. 2. We also include
two pixel-wise signal losses between the ground truth and
the prediction result using L1 and L2 as follows:

LT =
∑
i,j

|z0(i, j)− ẑ0(i, j)|+
∑
i,j

(z0(i, j)− ẑ0(i, j))
2

(10)
where z0 is the ground truth and ẑ0 is the predicted signal
map. i and j represent the pixel indices. Lastly, we have
pre-measured map input that works as the baseline for pre-
diction. So, we apply the mean squared error to calculate



point-wise loss between the pre-measured map and our pre-
diction as:

LPre =
1

N

∑
i,j

(p(i, j)− ẑ0(i, j))
2 (11)

where p represents the pre-measured signal map and N is
the number of actually measured points in p. Finally, we get
our loss with the scaling factor λ as follows:

Loss = λ1LD + λ2LT + λ3LPre. (12)

3.2. Generating RF heatmap video
Following the approach in [20], we incorporate one Conv3D
temporal layer and one temporal attention layer for both the
noisy images zt and the RF-3D Features, labeled T1 and
T2 in Fig. 1a. While the spatial layer processes information
within each individual frame, these two temporal layers ma-
nipulate the feature dimensions across frames. Specifically,
the initial input shape is (b, f, c, h, w), where b is the batch
size, f is the frame index, c is the image channel, and h and
w are the height and width of the images. The spatial layer
processes this input for each frame individually.

The Conv3D temporal layer reshapes the input in the fol-
lowing steps:

(b, f, c, h, w) → (b, c, f , h, w) → (b, f, c, h, w)

The temporal attention layer reshapes as follows:

(b, f, c, h, w) → (b,h,w, f , c) → (b, f, c, h, w)

These temporal layers mix the features across frames by re-
ordering the dimensions, rather than stacking layers across
frames or batch units. Importantly, although these layers
perform reshaping internally, the final output shape matches
the original input shape, allowing these temporal layers to
be seamlessly integrated into the architecture without alter-
ing the existing design.

4. Implementation details
3D dataset. Our problem requires a 3D environment
dataset that can be used to place the transmitter (TX) in
the appropriate position. Therefore, each object should be
stored separately to facilitate manipulation. However, popu-
lar datasets like Matterport [24] and ScanNet [7] only offer a
unified mesh file for the entire environment, lacking the de-
sired granularity. Consequently, we adopt 3D-FRONT [9],
a dataset that aligns with our requirements and features syn-
thetic indoor scenes with professionally crafted layouts, en-
compassing 18,797 rooms with diverse objects.
3D dataset augmentation. 3D-FRONT provides about
18K rooms, but the structure of each room is quite similar,

and the number of datasets is not enough, limiting its abil-
ity to train our large-scale diffusion model. Therefore, we
apply two data augmentation methods. First, the structure
of the 3D-FRONT dataset contains one apartment, which is
divided into several rooms such as a living room and bath-
room. We extract different rooms from the apartments and
generate more apartments by randomly combining rooms.
Second, our environment requires one TX to be located.
Therefore, we enhance the diversity of the dataset by ran-
domly placing TXs inside the room. In particular, this aug-
mentation is suitable for our problem because signal prop-
agation plays a crucial role in predictions both indoors and
outdoors. As a result, we secure over 55k rooms with a
variety of layouts and an appropriately located TX.
RF signal dataset. We utilize the wireless channel simula-
tor of AUTOMS [16] to generate the amplitude and phase
of the 3D environments. We generate the RF signal map
for both Wi-Fi and mmWave considering the multiple chan-
nels. For Wi-Fi, we consider 2.4 GHz and 10 different chan-
nels for 5 GHz as follows: 5.16, 5.18, 5.20, ..., and 5.34
GHz. For mmWave, we divide into 10 different channels
based on the frequency equation within each sweep [17]:
f = fmin + B×t

Tc
where B is the signal bandwidth, t is a

sweep index, and Tc is the chirp length. t is determined
by sampling rate Rs as [0 : 1/Rs : T ]. All variables ex-
cept Tc are fixed according to the board specifications, i.e.,
B = 4e9, Sr = 25e6, and fmin = 77e9. We set Tc as 20e-
6 to chirp into 501 frequencies from mmWave and select the
first 10 frequencies for our dataset, i.e., 77, 77.008, 77.016,
..., and 77.072 GHz. We extensively evaluate Diffusion2 by
varying the combinations of frequencies in the input dataset,
such as using 1 to 10 frequencies. Note that we fix the total
number of training datasets across all evaluations to ensure
a fair comparison.
2D feature. The Swin Transformer [15] is employed to
generate visual conditions as multi-scale layers for the
overview image and pre-measured map, and we incorporate
these features using a hierarchical aggregation and hetero-
geneous interaction [13]. This multi-scale feature embed-
ding is particularly effective for RF signal estimation be-
cause it spans small to large scales, similar to signal prop-
agation properties. Additionally, a feature pyramid neck
(FPN) [14] is utilized to consolidate features into diffusion
conditions. For the Swin Transformer, we specify channel
dimensions as [192, 384, 768, 1536]. Also, we randomly
choose 15 points in the RF signal map for the pre-measured
map.
3D feature. We use the pre-trained MinkNet model [6] with
21 classes for 3D geometry embedding. We use four lev-
els of multi-scale features before the final layer and apply
the FPN for these features to align with the 2D multi-scale
embedding. We then use interpolation to unify the feature
size at each level. The interpolation size is (fea, coords) =
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Figure 1. Diffusion model for video generation

(64, 30000), where fea is the feature size and coords repre-
sents the 3D coordinates. In addition, we apply multi-head
self-attention for the last layer from the MinkNet model us-
ing Perceiver IO [11]. We use 512 latent dimensions and 12
heads for cross-attention and latent self-attention.
Hyperparameters. We employ the PyTorch frame-
work [18] and conduct training with a batch size of 16
over 20 epochs with four NVIDIA A100 GPUs. We use
the Adam optimizer [12] and a linear learning rate warm-up
strategy for the first 15% of iterations. The initial learning
rate is 10−3 and decreases sequentially over 10, 15, and 20
epochs, applying a multiplicative gamma factor of 0.8, 0.2,
and 0.04, respectively. We set an equal ratio of LD, LT , and
LPre in the loss function.
Diffusion setup. We use the improved sampling pro-
cess [22] with 1,000 diffusion steps for training and 20 in-
ference steps for inference. The learning rate is 10−4 for im-
age diffusion and 10−3 for video diffusion. The maximum
signal strength of the amplitude is 70 for all experiments.
The resolution of the results is 352 × 705 and 52 × 72 for
image and video, respectively. Our video generation model
outputs 8 frames. Our model requires approximately 40 GB
of GPU memory during training and completes training in
about one day.
Human locomotion dataset. To collect a dataset for video
diffusion, we use DIMOS [26], which generates human lo-
comotion in a 3D environment. DIMOS uses a Markov de-
cision process to create reasonable human movements while
avoiding collisions between surrounding objects. We ex-
tract 8 snapshots for each room through DIMOS and gener-
ate an amplitude map according to each snapshot environ-
ment through the wireless channel simulator [16].

5. Evaluation details

5.1. Real-World Measurement Setup
We conduct experiments in three indoor scenarios. We use
Polycam [1] to obtain the 3D models of the experiment
environment. We use two Acer Travelmate P658 laptops
with Qualcomm QCA6320 chipset-based 60 GHz commer-
cial Wi-Fi cards to measure the mmWave received signal
strength indicator (RSSI). The access point (AP) and sta-
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Figure 2. Evaluation of amplitude video generation for simulated
and real-world measurements.

tion use a 6×6 uniform planar array (UPA) with a 120◦

field-of-view [23] and 4 corner antennas deactivated. The
antenna element spacing is 0.58λ [27]. Each antenna has a
1-bit switch (on or off) and a 2-bit phase shifter. All anten-
nas share a single RF chain. The central carrier frequency
is 60.48 GHz. We also conduct real measurements for the
RF signal video where an object 1.5 meters in height moves
in Scenario III. We place the wireless receiver at designated
locations for measurement.

5.2. Amplitude video
We compare amplitude video results with the ground truth
using the mmWave signal frequency, as shown in Fig. 2.
The real-world measurement in Scenario III is shown in
Fig. 2a, while the simulated mmWave result is presented in
Fig. 2b. NeRF2, MRI, and Wireless InSite are excluded,
as they do not support video output. In the real-world
evaluation, Diffusion2 achieves comparable accuracy and
a slightly improved median error, outperforming AUTOMS
by 0.05 dB. On the simulated dataset, Diffusion2 attains a
median RSSI error of 2.07 dB, effectively captures dynamic
human locomotion, and adapts flexibly to changes in the 3D
environment through our video diffusion.
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