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Abstract—Recently, large multimodal models (LMMs) have
been successfully adopted in various fields due to their outstand-
ing adaptability and reasoning abilities. Despite their potential
to automate diverse tasks in communications systems, applica-
tion to the physical layer remains underexplored. The primary
reason is that the traditional physical layer relies on analytic
channel measurements (e.g., pilot measurements), which capture
only quantitative changes in transmitted signals and fail to
characterize qualitative physical interactions (e.g., reflections and
blockages) with the environment. In this paper, we propose an
LMM-based environment-aware channel estimation framework
that captures the contextual channel information by leveraging
both perceptual sensor data and numerical pilot measurements.
The main idea of the proposed scheme is to utilize visual
channel parameters (VCPs), i.e., positions of user equipment
(UE), reflection points, and scatterers. Since VCPs provide a
direct visualization of the propagation environment, we can
identify how signals propagate and physically interacts with the
surrounding objects. To extract the VCPs and learn their prob-
ability distributions, we develop a reflection learning technique
based on LMM. By incorporating these parameters, we establish
a fundamental channel knowledge map (CKM) between the UE
position and the channel. Simulation results demonstrate that the
proposed scheme can effectively predict the channel throughout
the wireless environments.

Index Terms—Large multimodal model, channel knowledge
map, environment awareness, integrated sensing and commu-
nications.

I. INTRODUCTION

GENERATIVE artificial intelligence (AI) is catalyzing
disruptive innovation across a wide range of industries.

In particular, large language models (LLMs), fueled by the
remarkable success of ChatGPT, are increasingly permeating
our daily lives [1], [2]. Owing to their vast network size and
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extensive pre-training, LLMs can effectively perform question
and answering (Q&A) tasks either without examples (i.e.,
zero-shot prompting) or with a smaller number of examples
(i.e., few-shot prompting) [3]. Recently, the capabilities of
LLMs have been further extended to process not only language
but also multimodal data including images, videos, and audio.
This multimodal extension of LLMs, often called LMMs, can
handle more complicated and diverse tasks than traditional
LLMs, broadening their potential applications across various
fields such as humanoids, autonomous driving, factory machin-
ery, and healthcare [4].

Despite the vast amount of research integrating LMMs
into different industries, research on combining LMMs with
wireless communications is relatively scarce [5], [6], [7]. Some
efforts have been made to utilize LMMs for medium access
control (MAC) layer tasks (e.g., user scheduling and resource
allocation), but the exploration of LMMs in physical layer
tasks (e.g., channel estimation and beamforming) is still in
its infancy [8], [9], [10]. The primary reason is that the
traditional physical layer relies on analytic channel measure-
ments (e.g., pilot measurements), which are fundamentally
different from the input modalities (e.g., texts and images)
typically processed by LMMs. For instance, in 5G New
Radio (NR), channel state information (CSI) is obtained by
applying linear estimation techniques, such as least squares
(LS) estimation, to pilot measurements (e.g., channel state
information reference signal (CSI-RS) and sounding reference
signal (SRS)). Also, semi-blind channel estimation approaches
that leverage both pilot and data symbols have been proposed
in [11] and [12]. In millimeter wave (mmWave) and terahertz
(THz) systems, based on the sparse scattering property that
channels are characterized by a small number of geometric
channel parameters (GCPs) (e.g., angles, delays, and path
gains), approaches that extract these parameters from the
pilot measurements have been proposed [13], [14], [15], [16],
[17], [18]. In addition, deep learning (DL)-based methods that
use deep neural networks (DNNs) to learn the relationship
between pilot measurements and channel information have
been developed in [19], [20], [21], and [22].

The analytic channel measurements can capture quanti-
tative changes in the transmitted signal, however, they fail
to capture contextual channel information that elucidates the
qualitative physical interactions (e.g., reflections and blockage)
between the transmitted signal and the surrounding physical
environment (e.g., scatterers and obstacles). Since the fun-
damental relationship between the transmitted and received
signals cannot be identified from the analytic channel mea-
surements, one has to restart the entire channel estimation
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process even with a small movement of the mobile. Due to this
reason, traditional communications systems relying on analytic
channel measurements fall short in promptly responding to
changes in wireless environments. For example, in 5G NR,
user equipment (UE) mobility is supported by the handover
process [23]. However, since the handover process is initiated
only after detecting gradual attenuation of the received signal
power, it cannot predict sudden link deterioration, resulting in
performance degradation in high-mobility environments such
as non-terrestrial networks (NTN) [24], [25].

Recently, channel mapping approaches that eliminate the
need for pilot measurements by learning the spatial distribu-
tions of the channel (i.e., channel knowledge map (CKM))
have gained much attention [26]. In [27] and [28], Kriging
interpolation-based channel mapping techniques have been
proposed. In [29], a channel mapping technique that uses
autoencoders to generate CKM from partially observed chan-
nel measurements has been developed. Furthermore, recent
studies have explored the use of digital twin (DT) of wireless
systems for constructing CKM [30], [31]. In the DT-based
channel mapping techniques, interactions between the trans-
mitted signal and the surrounding environment can be directly
identified as well as CKM through system emulators and ray
tracing simulators. For example, in [32] and [33], DT-based
channel prediction techniques using generative adversarial
network (GAN) and diffusion models have been proposed.
One major issue of conventional channel mapping approaches
is that, due to the large output dimension which scales with
the numbers of antennas and time-frequency resources, they
require a substantial amount of training data to directly learn
the end-to-end mapping between the UE position and the
channel, as well as for continuous adaptation to dynamic
changes. As a result, they might not work well in rapidly
changing wireless environments such as vehicle-to-everything
(V2X) networks where collecting sufficiently large datasets is
challenging.

The fundamental questions related to the environment-
aware channel estimation are: 1) how to acquire the
contextual channel information; and 2) how to establish a
fundamental relationship between the UE position and the
channel information using the acquired contextual channel
information. The answers to these questions will facilitate
environment-awareness, the ability to recognize the surround-
ing environments and promptly adapt to changes in signal
propagation caused by environmental factors such as mobili-
ties and obstructions.

The aim of this paper is to propose an environment-aware
multimodal channel estimation framework based on sensing
and LMM. Recently, sensing technologies that observe the sur-
rounding environments using various sensing modalities (e.g.,
camera and LiDAR) have been widely adopted in autonomous
driving, robotics, and urban air mobility (UAM) [34], [35],
[36], [37]. In accordance with this trend, computer vision
(CV) technique for interpreting the sensor measurements
has made a significant advancement in performing object
detection and semantic segmentation. Motivated by these
developments, the proposed scheme, henceforth referred to as
LMM-based channel estimation (LMM-CE), leverages both

perceptual sensor data and numerical pilot measurements to
capture the contextual channel information. The key idea of
LMM-CE is to utilize visual channel parameters (VCPs),
i.e., positions of UE, reflection points, and scatterers, that
visually characterize the scattering geometry of the surround-
ing environment. In contrast to the conventional GCPs (i.e.,
angles, delays, and path gains), the VCPs provide a direct
visualization of the propagation environment. Using the VCPs,
we can identify how transmitted signals propagate and physi-
cally interact with the objects. Moreover, by leveraging VCPs
as a bridge between the UE position and the channel, we
can effectively construct the CKM with minimal training
overhead.

The intriguing feature of LMM-CE is that we exploit LMMs
to capture VCPs and learn their probability distributions from
sensing and pilot measurements. As a generative AI model,
LMMs excel at capturing the underlying probability distribu-
tion of sequential data and generating subsequent elements. In
our context, this means that the LMM can effectively extract
the VCPs from sensing and pilot measurements and learn
their complex relationships with the UE position. The core
components of LMMs for integrating and analyzing multi-
modal data are the Transformer architecture and its attention
mechanism. The attention mechanism quantifies the correla-
tions across the entire input data sequence, allowing LMMs
to map relevant information from one modality to another. By
measuring the correlations between sensing and pilot measure-
ments, the LMM can learn how specific visual features (e.g.,
UE, scatterers, and obstacles) in the sensing measurements
correspond to numerical features (e.g., GCPs) in the pilot
measurements and then effectively integrate them as environ-
mental information. Also, due to its significantly large network
size and extensive pretraining on diverse datasets, LMMs
can effectively handle a broad range of tasks, encompassing
CV tasks (e.g., object detection and semantic segmentation)
as well as analytic tasks (e.g., estimation, classification, and
regression), even without updating the network parameter (i.e.,
in-context learning). This versatility is pivotal for the proposed
environment-aware channel estimation framework in analyzing
multiple modalities. One notable benefit of LMMs is that we
can provide wireless system information and detailed task
instructions in natural language (i.e., prompting) so that LMMs
can solve complex wireless tasks. For example, when a prompt
“Perform a regression task to determine the reflection point
for a given UE position. The reflection point must satisfy
the law of reflection with respect to the base station (BS)
and UE positions” is given, the LMM can enhance regres-
sion performance by leveraging the additional task-specific
information.

The main contributions of this paper are described in the
follows. Specifically, we

• propose an environment-aware multimodal channel esti-
mation framework that utilizes sensing and pilot measure-
ments to capture contextual channel information;

• establish a fundamental mapping between UE position
and channel (i.e., CKM) using VCPs (i.e., position of
UE, reflection points, and scatterers); and
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• develop a reflection learning technique that extracts the
VCPs from multimodal data and learns their probability
distributions using LMM.

The rest of this article is organized as follows: Section II
presents sensing-aided mmWave/THz systems. Section III
explains the CKM. Section IV proposes LMM-CE. Section V
presents the numerical results. Section VI concludes the paper.

Notations: Random variables are displayed in sans serif,
upright fonts; their realizations in serif, italic fonts. Vectors and
matrices are denoted by bold lowercase and uppercase letters,
respectively. For example, a random variable and its realization
are denoted by x and x for scalars, x and x for vectors, and
X and X for matrices. Sets and random sets are denoted
by upright sans serif and calligraphic font, respectively. For
example, a random set and its realization are denoted by X
and X , respectively. The m-by-n matrix of zeros is denoted
by 0m×n; when n = 1, the m-dimensional vector of zeros is
simply denoted by 0m. The m-by-m identity matrix is denoted
by Im. The operator ‖x‖2 denotes the Euclidean norm of x.
The transpose, conjugate, and conjugate transpose of X are
denoted by (·)T, (·)∗, and (·)H, respectively. The operations ⊗
and ∗ denote the Kronecker product and Khatri-Rao product,
respectively. The notation diag(·) represents a diagonal matrix
with the arguments being its diagonal elements. The nth
element of x is denoted by [x ]n. The notation XS represents
a matrix whose ith column is the S[i]th column of X .

II. SENSING-AIDED MMWAVE/THZ SYSTEMS

In this section, we present the sensing-aided mmWave/THz
system model and discuss the geometric channel model. We
also provide a brief overview of the conventional radio-
frequency (RF)-based channel estimation schemes and channel
mapping schemes.

A. Sensing-Aided MmWave/THz System Model

We consider a mmWave/THz multiple-input single-output
(MISO) system where a BS equipped with N = Nh × Nv

uniform rectangular array (URA) antenna serves a single-
antenna UE. In this system, multiple RGB-depth (RGB-D)
cameras are mounted on the BS to capture the surrounding
wireless environments. The BS is equipped with a hybrid
analog-digital beamforming architecture with NRF RF chains,
each connected with N analog phase shifters. Additionally,
we consider an orthogonal frequency-division multiplexing
(OFDM) system with S subcarriers operating at a carrier
frequency of fc and a system bandwidth of B. The subcarrier
of the sth subcarrier is given by fs = fc +

(
s− S

2

)
∆f for

s = 0, 1, . . . , S − 1 where ∆f , B
S is the subcarrier spacing.

We consider a global coordinate system (GCS) where the BS
and UE are located at pbs ∈ R3 and pue ∈ Pue, respectively,
where Pue is the UE trajectory. Also, the position vector of the
nth BS antenna is pbs,n ∈ R3 (pbs = pbs,1).1 The BS antenna
orientation is specified by three angles: the bearing angle α,
the downtilt angle β, and the slant angle γ, which correspond

1Note that the BS antenna located at the xth row and yth column of the
antenna array is referred to as the nth BS antenna where n = (x−1)Nv +y.

to rotations about the z-, y-, and x-axes, respectively [38].2

We assume a time-division duplexing (TDD) system where
the UE transmits uplink pilot signals (e.g., SRS), and the BS
estimates the uplink channel information using the received
pilot signals and the RGB and depth images obtained from
the RGB-D camera. By exploiting the channel reciprocity of
TDD system, the BS can recycle the acquired uplink channel
information for downlink data transmission.

1) Pilot Measurement: The uplink pilot transmission is
scheduled over M OFDM symbols and P pilot subcarriers.
The sets of OFDM symbols and pilot subcarriers are denoted
by T , {t1, t2, . . . , tM} and S , {s1, s2, . . . , sP }, respec-
tively. At each tth OFDM symbol, the UE transmits the pilot
signal xt[s] =

√
Ptx for all s ∈ S where Ptx is the transmit

power per subcarrier. The received pilot signal rt[s] ∈ CN at
the tth symbol for the sth subcarrier is given by

rt[s] =
√
Ptx h[s] + nt[s] (1)

where h[s] ∈ CN is the frequency-domain channel vector
and nt[s] ∼ CN (0N , σ

2
nIN ) is the additive Gaussian noise.

In turn, the BS combines the received pilot signal using a
hybrid combiner Wt[s] = WRF,tWBB,t[s] ∈ CN×NRF where
WRF,t ∈ CN×NRF and WBB,t[s] ∈ CNRF×NRF are the RF
and digital combiner matrices, respectively. Then the post-
processed signal yt[s] ∈ CNRF is given by

yt[s] ,W
H
t [s] rt[s] (2)

=
√
PtxW

H
t [s]h[s] +WH

t [s]nt[s]. (3)

By concatenating yt[s] for all t ∈ T to y[s] ,[
yT
t1 [s] yT

t2 [s] · · · yT
tM [s]

]T ∈ CNRFM , we obtain

y[s] =
√
PtxW

H[s]h[s] + z[s] (4)

where W [s] ,
[
Wt1 [s] Wt2 [s] · · · WtM [s]

]
∈ CN×NRFM ,

z[s] ,
[
zT
t1 [s] zT

t2 [s] · · · zT
tM [s]

]T ∈ CNRFM , and zt ,
WH

t [s]nt[s] ∈ CNRF . Finally, by combining y[s] for all
s ∈ S, we have the pilot measurement matrix Ypilot ,[
y[s1] y[s2] · · · y[sP ]

]
∈ CNRFM×P as

Ypilot =
√
Ptx

[
WH[s1]h[s1] WH[s2]h[s2]

· · · WH[sP ]h[sP ]
]

+ Z (5)

=
√
Ptx

[
WH[s1] WH[s2] · · · WH[sP ]

]
× diag

(
h[s1],h[s2], . . . ,h[sP ]

)
+ Z (6)

=
√
PtxW

H(IP ∗ [H]S) + Z (7)

where H = [h[1] h[2] · · · h[S] ] ∈ CN×S is the chan-
nel matrix, W ,

[
WT[s1] WT[s2] · · · WT[sP ]

]T ∈
CNP×NRF , and Z ,

[
z[s1] z[s2] · · · z[sP ]

]
∈ CNRFM×P .

2) Sensing Measurement: We use a circular array consist-
ing of Ncam RGB-D cameras, each covering a specific angular
sector. For instance, the Intel RealSense L515 RGB-D camera
provides horizontal and vertical field of views (FoVs) of 70◦

and 45◦, respectively, so the BS can cover the entire angular
space with d 360

70 e × d
90
45e = 12 cameras. The RGB-D image

capture is synchronized with the uplink pilot transmission of

2For example, if the BS antenna array lies in the yz-plane, then the
orientation angles are given by (α, β, γ) = (0◦, 90◦, 0◦).
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the UE. Specifically, the RGB-D image with W × H pixels
is expressed as a three-dimensional tensor Dsens ∈ RH×W×4

containing the RGB data Drgb ∈ RH×W×3 and the depth data
Ddepth ∈ RH×W×1:

Dsens = [ Drgb; Ddepth ] (8)

where [·; ·] is concatenation along the third dimension.

B. Geometry-Based MmWave/THz Channel Model

In mmWave/THz systems, due to the high directivity
and significant attenuation, the signal power is primarily
concentrated along the line-of-sight (LOS) path and a few non-
line-of-sight (NLOS) paths, which are determined by dominant
scatterers near the BS. For example, in mmWave Frequency
Range 2 (FR2) band, the number of dominant paths is lower
than 6 and it further decreases to 4 in sub-THz band [39],
[40], [41]. Based on the sparse scattering property, we adopt
a geometric frequency-selective mmWave/THz channel model
consisting of L discrete rays, where the first ray represents
the LOS path and the remaining L − 1 rays represent the
NLOS paths [14], [38]. In this channel model, each ray is
characterized by its azimuth angle of arrival (AOA) φ, zenith
angle of arrival (ZOA) θ, delay τ , and path gains β.

Specifically, the frequency-domain channel response
hn[s] ∈ C from the UE to the nth BS antenna for the sth
subcarrier is given by

hn[s] = βlos[s] e
−j2πs∆fτlosej

2πfs
c r̂T(θlos,φlos)pbs,n

+

L−1∑
l=1

βl[s] e
−j2πs∆fτlej

2πfs
c r̂T(θl,φl)pbs,n (9)

where θl and φl are the ZOA and AOA, respectively, τl ∈
[0, τmax] is the delay with τmax being the delay spread, and
βl[s] is the path gain of the lth NLOS path for the sth
subcarrier. Similarly, those of the LOS path are denoted as
(θlos, φlos, τlos, βlos[s]). Also, r̂(θl, φl) ∈ R3 is the spherical
unit vector associated with (θl, φl), defined as

r̂(θl, φl) , [ sin θl cosφl sin θl sinφl cos θl ]
T. (10)

The frequency-selective path gain βl[s], which accounts for
the free-space path loss, antenna radiation pattern, reflection
loss, and molecular absorption, is modeled as [42]

βl[s] =
F (θl, φl) |Γl(fs)|e−

1
2kabs(fs)cτl

4πfsτl
(11)

where F (θl, φl) is the BS antenna radiation pattern and
kabs(fs) is the molecular absorption coefficient [43]. Also,
Γl(fs) is the reflection coefficient defined as [44]

Γl(fs) ,
cosψl −

√
η2
l − sin2 ψl

cosψl +
√
η2
l − sin2 ψl

e−
(4πfsσl cosψl)

2

2c2 (12)

where c is the speed of light, ψl is the angle of incidence on
the reflecting surface, ηl , Z0

Zl
is the refractive index where

Z0 and Zl are the impedances of free-space and the reflecting
material, respectively, and σl is the standard deviation of
the rough surface height which characterizes the roughness

of the reflecting surface of the scatterer associated with the
lth NLOS path [17]. Due to the significant scattering and
diffraction losses of mmWave/THz band signals, diffused and
diffracted rays are heavily attenuated over distances greater
than a few meters. Consequently, we only consider single-
bounce reflected rays for the NLOS paths. Note that in the
case of the LOS path, ψlos = 0 and |Γlos(fs)| = 1.

By concatenating the channel responses of all BS antenna
elements, we obtain the frequency-domain channel vector
h[s] , [h1[s] h2[s] · · · hN [s] ]T ∈ CN as

h[s] = βlos[s] e
−j2πs∆fτlosa(θlos, φlos)

+

L−1∑
l=1

βl[s] e
−j2πs∆fτla(θl, φl) (13)

where a(θl, φl) ∈ CN is the array response vector defined as

a(θl, φl) ,
[
ej

2πfs
c r̂T(θl,φl)pbs,1 ej

2πfs
λ r̂T(θl,φl)pbs,2

· · · ej
2πfs
c r̂T(θl,φl)pbs,N

]T
.

(14)

The combined channel matrix H ∈ CN×S is given by

H =
[
h[1] h[2] · · · h[S]

]
. (15)

C. Conventional Channel Estimation Techniques

1) RF-Based Channel Estimation: In traditional commu-
nications systems, linear estimation techniques such as LS
and linear minimum mean square error (LMMSE) are used
to extract H from Ypilot. While the linear channel estimation
techniques have been effective in Long-Term Evolution (LTE)
and mmWave Frequency Range 1 (FR1) band systems with
relatively small antenna arrays, they might not perform well
in mmWave FR2 and sub-THz band systems with massive
antenna arrays due to the significant pilot overhead which
scales with the number of antennas. As a remedy, parametric
channel estimation techniques that estimate the GCPs (i.e.,
angles, delays, and path gains) instead of full-dimensional
channel matrix have been popularly used [13], [14], [15],
[16], [17], [18], [19], [20], [21], [22]. Since the dominant
paths are scarce in high-frequency bands, these approaches
can effectively reduce the pilot overhead.

The major limitation of the parametric channel estimation
techniques is that, while the GCPs can capture the specific
channel for a given UE position, they fall short when describ-
ing the channel for arbitrary UE positions. Specifically, these
parameters vary continuously within the same set of scatterers,
but shift discontinuously when the scatterers change, exhibit-
ing piecewise continuity. To learn the piecewise continuous
distributions of GCPs and uncover the fundamental relation-
ship between the UE position and the channel, it is essential
to consider not only the analytic channel parameters but also
the physical characteristics of the surrounding environments.

2) Channel Mapping: Recently, there has been growing
interest in channel mapping approaches that learn the spa-
tial distributions of channel (i.e., CKM) have gained much
attention [26]. By directly inferring CSI from the UE position
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Fig. 1. Illustration of CKM, which represents the mapping between the UE position and the frequency-domain channel matrix. The CKM hckm is expressed
as a composition of the reflection map frefl, the conversion map fconv, and the geometric map fgeo.

using the learned CKM, these methods eliminate the need for
pilot measurements, thereby significantly reducing latency and
resource overhead. To construct the CKM, various methods
have been employed, including Kriging interpolation, matrix
completion, and DL models (e.g., convolutional neural net-
works (CNNs) and autoencoder). However, the conventional
channel mapping techniques learn the direct end-to-end map-
ping between the UE position and the channel information,
which requires a prohibitive amount of training data due to the
high dimensionality of the CSI. To address this issue, channel
mapping techniques that exploit DT, a digital replica of the real
world, have been proposed [30]. In DT-based channel mapping
techniques, the physical properties of the surrounding environ-
ment are emulated through channel emulators, using which the
ray-tracing simulator identifies the signal propagation paths
[31]. This allows direct acquisition of channel information for
any UE position.

However, to accurately emulate real-world conditions, the
DT-based channel mapping techniques require a substantial
volume of high-quality training data. Beyond initial training,
these emulators must undergo continuous adjustments and
retraining to remain aligned with system dynamics. This need
for ongoing data collection and recalibration introduces signif-
icant computational overhead, posing challenges to real-time
decision-making in rapidly changing wireless environments.

III. VISUAL CHANNEL PARAMETER-BASED
CHANNEL KNOWLEDGE MAP

In essence, a wireless channel characterizes the propagation
of radio waves as they interact (e.g., reflection, scattering,
and diffraction) with the environment. These interactions are
modeled using contextual information about the surround-
ing environment. The fundamental relationship between the
UE position and the wireless channel is called the CKM

[26]. The CKM is determined by the scattering geometry
around the BS and UE. Traditionally, multipath propagation
was viewed as a hindrance that causes signal degradation,
and various diversity techniques have been developed to
combat the multipath propagation [45], [46], [47], [48],
[49], [50], [51]. However, when the scattering geometry is
properly identified, it facilitates multipath diversity, thereby
improving channel estimation accuracy and enhancing sys-
tem capacity [52]. To formally define CKM, we introduce
the notion of VCPs, i.e., the reflection points and scatterer
indices, which visually describe the propagation dynam-
ics. We then define the CKM as a composition of three
key mappings: reflection, conversion, and geometric maps
(see Fig. 1).

A. Geometric Map From Geometric Channel Parameters to
Channel Matrix

Recall that the frequency-domain channel matrix H is a
function of the GCPs, i.e., ZOA θ, AOA φ, delay τ , and path
gain β (see (13)). That is, the relationship between the GCPs
and the frequency-domain channel matrix H can be expressed
as a geometric map fgeo : RL×RL×RL×RL×P → CN×P :

H = fgeo(θ,φ, τ ,B) (16)

where θ = [ θlos θ1 θ2 · · · θL−1 ]T, φ = [φlos φ1 φ2 · · ·φL−1]T,
τ = [ τlos τ1 τ2 · · · τL−1]T, and B ∈ RL×S is a matrix whose
(l, s)th element is βlos[s] for l = 1 and βl−1[s] for l ≥ 2.

B. Conversion Map From Visual Channel Parameters to
Geometric Channel Parameters

The primary factors determining the GCPs are the scatterers.
For example, AOAs, ZOAs, and time delays are determined
by the relative positions of the reflection points with respect

Authorized licensed use limited to: MIT. Downloaded on February 06,2026 at 18:08:23 UTC from IEEE Xplore.  Restrictions apply. 



4064 IEEE JOURNAL ON SELECTED AREAS IN COMMUNICATIONS, VOL. 43, NO. 12, DECEMBER 2025

to the BS and UE, while the path gains are affected by
the material properties of the scatterers as well. Let Iobj ,
{1, 2, . . . , Nobj} be the set of objects (e.g., buildings and
walls) within the wireless environment where Nobj is the
number of objects. Each object i is characterized by its
boundary ∂Mi ⊆ R3 and class ci. We collectively refer to
these as the abstract environmental information Eabs:

Eabs ,
{

(∂Mi, ci) : i ∈ Iobj

}
. (17)

Note that Eabs can be readily extracted from RGB-D images
using object detection or semantic segmentation techniques.

Among the objects, let iue and isca,l be the indices of objects
that correspond to the UE and the scatterer for the lth NLOS
path, respectively.3 Also, let prefl,l ∈ R3 be the position of
the reflection point at the scatterer isca,l. Then, the VCPs are
defined as the combined reflection point matrix Prefl ∈ R3×L

and the scatterer index set Isca ∈ ILobj:

Prefl , [ pue prefl,1 prefl,2 · · · prefl,L−1 ] (18)

Isca , { iue, isca,1, isca,2, . . . , isca,L−1 } . (19)

In contrast to the GCPs (θ,φ, τ ,B), which provide only
analytic descriptions of the signal propagation, the VCPs
(Prefl, Isca) enable a direct visualization of the propagation
environment. Hence, by exploiting (Prefl, Isca) to model H ,
one can effectively capture the interactions between the signals
and the wireless environment. Specifically, θl, φl, and τl can
be expressed as functions of pue and prefl,l as

θl = arccos

([
R−1(pbs − prefl,l)

]
3∥∥R−1(pbs − prefl,l)
∥∥

2

)
(20)

φl = atan2
([
R−1(pbs − prefl,l)

]
2
,
[
R−1(pbs − prefl,l)

]
1

)
(21)

τl =
1

c

(∥∥pbs − prefl,l

∥∥
2

+
∥∥prefl,l − pue

∥∥
2

)
(22)

where R , Rx(α)Ry(β)Rz(γ) ∈ R3×3 is the rota-
tion matrix for the BS antenna orientation [38]. Also,
recall that βl[s] depends on τl, the angle of incidence
on the reflecting surface ψl, the refractive index ηl,
and the surface roughness σl (see (11) and (12)). Since
ψl = 1

2 arccos
(
‖pbs−prefl,l‖

2
2+‖prefl,l−pue‖

2
2−‖pbs−pue‖

2
2

2‖pbs−prefl,l‖2‖prefl,l−pue‖2

)
and

(ηl, σl) can be obtained from the object class cisca,l , βl[s] is
expressed as a function of (pue,prefl,l, isca,l), parametrized by
Eabs as4

βl[s] = β(pue,prefl,l, isca,l, fs; Eabs) . (23)

Similarly, the GCPs of the LOS path can be expressed as
functions of pue and iue.

3Since we only consider single-bounce reflected rays, each NLOS path is
associated with a single scatterer.

43GPP specifies five material classes: concrete, glass, wood, metal, and
brick [38]. Furthermore, to acquire more specific material properties, one
can employ deep texture recognition models that classify materials based on
texture patterns observed in images [53].

Remark 1: The conversion map fconv : R3×L × ILobj →
RL × RL × RL × RL×P from the VCPs (Prefl, Isca) to the
GCPs (θ,φ, τ ,B) is defined as (20)-(23):

(θ,φ, τ ,B) = fconv(Prefl, Isca; Eabs) . (24)

Also, fconv is parametrized by the abstract environmental
information Eabs, encompassing the boundaries and classes
of the objects. �

C. Reflection Map From Ue Position to Visual Channel
Parameters

The conversion map fconv in (24) is deterministic and can
be characterized using only the abstract information Eabs about
the objects. In contrast, obtaining Prefl and Isca requires
comprehensive and detailed knowledge of the physical char-
acteristics of the objects. Specifically, let Mi ⊆ R3 be the set
of points on the reflection surface and ni :Mi → R3 be the
normal vector field of the ith object.5 We collectively refer to
these as the detailed environmental information Eenv:

Edet ,
{

(Mi,ni) : i ∈ Iobj

}
. (25)

Essentially, Edet governs the physical interactions of radio
waves with the surrounding environment, thereby determining
the signal propagation paths.

Using Edet, the scatterer index isca,l ∈ Iobj and the
reflection point prefl,l ∈ Misca,l of the lth NLOS path can
be obtained by identifying the object index and the point on
the reflection plane Misca,l satisfying the law of reflection
with respect to the position vectors of the BS and UE as6

∠
(
pue − prefl,l,nisca,l(prefl,l)

)
= ∠

(
pbs − prefl,l,nisca,l(prefl,l)

)
(26)

where ∠(a, b) , arccos
(

aTb
‖a‖2‖b‖2

)
denotes the angle between

vectors a and b. Thus, the relationship between pue and
(Prefl, Isca) can be expressed as the reflection map frefl :
Pue → R3×L × ILobj, parametrized by Edet:

(Prefl, Isca) = frefl(pue; Edet) . (27)

Finally, by substituting (24) and (27) into (17), we obtain the
CKM hckm : Pue → CN×P from pue to H ∈ CN×P as

H = fgeo(fconv

(
Prefl, Isca; Eabs)

)
(28)

= fgeo

(
fconv(frefl(pue; Edet); Eabs

)
(29)

= hckm(pue; Eenv) (30)

where Eenv =
{
Eabs, Edet

}
represents the comprehensive

environmental information.
Remark 2: The CKM hckm : Pue → CN×P between the UE

position pue and the channel matrix H is expressed as �

hckm = fgeo ◦ fconv ◦ frefl . (31)

5The normal vector field is a map onMi that assigns to each point p ∈Mi

a vector ni(p) that is perpendicular to the tangent space TpMi at p.
6For planar reflection surfaces (e.g., building and wall), the image method

is commonly used to find prefl,l. This method creates a virtual image of the
UE and determines the intersection of the line connecting the virtual UE to
the BS with the reflection plane.
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Fig. 2. Overall process of LMM-CE.

It is worth mentioning that hckm is parametrized by
Eenv, which includes both abstract and detailed information
about the objects. Unfortunately, traditional analytic pilot
measurements do not explicitly convey this contextual envi-
ronmental information. Therefore, to determine the CKM
and achieve environment-awareness, one should exploit both
high-resolution sensing measurements containing semantic
information and pilot measurements containing analytic infor-
mation.

IV. LARGE MULTIMODAL MODEL-BASED
ENVIRONMENT-AWARE CHANNEL ESTIMATION

The primary objective of the proposed LMM-CE scheme is
to identify the intrinsic relationship (i.e., CKM) between the
UE position pue and the frequency-domain channel matrix
H . As shown in Remark 2, the CKM hckm is a composition
of three key maps: 1) the reflection map frefl which locates
the reflection points and scatterer indices (Prefl, Isca) for a
given UE position pue; 2) the conversion map fconv which
converts the VCPs (Prefl, Isca) to the GCPs (θ,φ, τ ,B);
and 3) the geometric map fgeo which computes H using
(θ,φ, τ ,B). Since fgeo and fconv are explicit mappings fully
defined in (16) and (24), the main challenge is to determine
frefl in (27), which is an implicit mapping characterized by
the detailed environmental information Edet. Unfortunately,
acquiring Edet is very difficult in practice since it requires
extensive measurement campaigns to characterize surrounding
environments along with continuous retraining to adapt to
environmental changes.

To obtain the reflection map frefl without acquiring Edet,
we propose a reflection learning technique that extracts
labeled samples (pue, (Prefl, Isca)) from the sensing and pilot
measurements (Dsens,Ypilot) and then learns their complex
relationship f(Prefl, Isca |pue) using DL:

frefl(pue; Edet) = argmax
Prefl,Isca

f(P refl, Isca |pue) . (32)

As a main DL engine for the reflection learning, we use
an LMM, a generative AI model specialized in extracting
correlated features across multimodal data and generating sub-
sequent data. By extracting the visual features (e.g., boundaries

and classes of the objects) from Dsens and aligning them with
the geometric features (e.g., angles, delays, and path gains)
in Ypilot, LMM-CE can identify the target VCPs (Prefl, Isca)
among the visual feature set. Furthermore, by capturing the
underlying probability distribution of the VCPs and predicting
the subsequent parameters, LMM-CE can learn frefl, thereby
obtaining CKM hckm and achieving environment-awareness.
The overall process of LMM-CE is illustrated in Fig. 2.

A. Basics of Large Multimodal Model

The LMM architecture consists of three key components:
1) a multimodal encoder that converts multimodal inputs to
unified latent representations; 2) a backbone that processes
these representations to extract the features; and 3) a language
modelling (LM) head that generates the subsequent words.

1) Multimodal Encoder: In the multimodal encoder, a
sequence of inputs (e.g., texts and images) from I modalities
are initially converted into discrete numeric representations,
referred to as tokens, {v1,n}N1

n=1, {v2,n}N2
n=1, . . . , {vI,n}

NI
n=1 ⊆

V where V = {1, 2, . . . , V } is the token vocabulary and Ni
is the number of tokens of the ith modality. Then, each token
vi,n is encoded into an embedding vector ei,n ∈ Rei using a
modality-specific encoder fencoder,i : V → Rei as

ei,n = fencoder,i(vi,n) (33)

Next, ei,n is projected into a latent vector yi,n within the
unified latent space Rd as

yi,n = Wproj,iei,n + bproj,i (34)

where Wproj,i ∈ Rd×ei is the projection matrix and bproj,i ∈
Rd is the bias vector. The latent vectors are combined into the
latent matrix Y i = [yi,1 yi,2 · · · yi,Ni ]T ∈ RNi×d. Lastly,
the latent matrices {Y i}Ii=1 of all modalities are concatenated
into the latent representation matrix Y ∈ RNtoken×d as

Y =
[
Y T

1 Y T
2 · · · Y

T
I

]T
(35)

where Ntoken =
∑I
i=1Ni is the total number of tokens.
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2) Backbone: To extract intra-modal and cross-modal fea-
tures from the latent representation matrix Y , the backbone
employs L transformer blocks, each consisting multi-head
attention layer, layer normalization layer, feed-forward layer,
and another layer normalization layer [54]. In the multi-head
attention layer, Y passes through H attention heads connected
in parallel. The role of the attention head is to measure the cor-
relations between the input elements and then assign weights
(i.e., attention score) based on these correlations. Specifically,
each hth attention head constructs three different embedding
matrices from Y , i.e., the query Qh = YWq,h ∈ RNtoken×dh ,
the key Kh = YWk,h ∈ RNtoken×dh , and the value Vh =
YWv,h ∈ RNtoken×dh where Wq,h,Wk,h,Wv,h ∈ Rd×dh
are the weight matrices and dh = d

H . Then the attention score
Sh ∈ RNtoken×Ntoken is obtained from the scaled dot product
of Qh and Kh, followed by a row-wise softmax operation as

Sh = fsmax

(
QhK

T
h√

dh
+M

)
. (36)

Note that in (36), to ensure that only the present and past
information is used for predicting future tokens, a mask
matrix M ∈ RNtoken×Ntoken is employed whose (i, j)th
element is 0 if i ≤ j and −∞ otherwise. Then, the output
Yatt,h ∈ RNtoken×dh of the hth attention head is computed as
the product of Sh and Vh as

Yatt,h = ShVh . (37)

The outputs {Yatt,h}Hh=1 from all attention heads are concate-
nated and then multiplied by the output weight matrix Wo ∈
Rd×d to generate the attention output Yatt ∈ RNtoken×d:

Yatt = [Yatt,1 Yatt,2 · · · Yatt,H ]Wo . (38)

Once Yatt is obtained, the residual connection is applied,
followed by the layer normalization which scales and shifts
the input to have zero mean and unit variance [54]:

Ȳ = fln(Y + Yatt) . (39)

Then, Ȳ is passed through the feed-forward network (FFN)
as

Ỹ = fffn(Ȳ ) . (40)

Subsequently, the output matrix Z(1) ∈ RNtoken×d for the first
transformer block is obtained by applying another residual
connection and layer normalization as

Z(1) = fln(Ȳ + Ỹ ) . (41)

After passing through L transformer blocks, the final feature
matrix Z ∈ RNtoken×d is obtained as Z = Z(L).

3) Language Modelling Head: The LM head utilizes the
extracted feature matrix Z to compute the probability distribu-
tion for the next token, conditioned on the previous tokens. To
do so, each nth row vector zn of Z is transformed into a logit
vector ln ∈ RV , which represents a vector of unnormalized
log-probabilities over the token vocabulary V for the nth token
vn, conditioned on the previous tokens {vn′}n−1

n′=1 as

ln = Wlmzn + blm (42)

where Wlm ∈ RV×d is the weight matrix and blm ∈ RV is the
bias. Then, the token probability vector pn ∈ RV is obtained
by applying the softmax function to ln as

pn = fsmax(ln) . (43)

Finally, each vn is sequentially determined as the token with
the highest probability for n = 1, 2, . . . , Ntoken:

vn = argmax
v∈V

[pn ]v . (44)

This next-token prediction is a pivotal operation of LMMs that
enables capturing complex patterns and relationships in multi-
modal data and generating subsequent words [2]. Furthermore,
domain-specific knowledge of communications system such as
mathematical channel models and standard specifications can
be incorporated as natural language instructions so that LMMs
can address complex problems in wireless communications.

B. Overview of Reflection Learning

As mentioned, the primary task in establishing CKM is
to identify the reflection map frefl between the UE position
pue and the VCPs (Prefl, Isca) (see (27)). To handle the task
at hand, we model the conditional probability distribution
f(Prefl, Isca |pue) using an LMM. In the following remark,
we introduce key properties of (Prefl, Isca) used to develop
our reflection learning technique.

Remark 3: The conditional probability distribution
f(Prefl, Isca |pue) can be expressed as

f(Prefl, Isca |pue) = f(Prefl | Isca,pue) f(Isca |pue) . (45)

This implies that the scatterer indices Isca and the reflection
points Prefl can be determined sequentially. To be specific,
since Isca exhibit discrete change with UE mobility, iden-
tifying f(Isca |pue) is a classification task. In contrast, as
Prefl change continuously when Isca remains fixed, identifying
f(Prefl | Isca,pue) is a regression task. �

Remark 4: The reflection point prefl,l and its correspond-
ing scatterer index isca,l are determined independently for
each NLOS path. Consequently, the conditional probabilities
f(Prefl | Isca,pue) and f(Isca |pue) can be decomposed as

f(Prefl | Isca,pue) =
∏
i∈Iobj

f(prefl,i |Si,pue) (46)

f(Isca |pue) =
∏
i∈Isca

f(Si |pue)
∏

j∈Iobj\Isca

(
1−f(Sj |pue)

)
(47)

where Si ∈ {0, 1} is a binary indicator defined as

Si =

{
1 if the object i is used as a scatterer
0 otherwise .

(48)

Also, prefl,i ∈ R3 is the reflection point on the object i. �
Based on these observations, we divide the reflection learn-

ing process into three main stages as follows (see Fig. 3):
• VCP extraction: The labeled samples Xsamp =

{(p(n)
ue , (P

(n)
refl , I

(n)
sca ))}Nsamp

n=1 are extracted from the
diverse measurements {(D(n)

sens,Y
(n)
pilot)}

Nsamp

n=1 using
LMM-based semantic segmentation.
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• Scatterer index classification: For each object i ∈ Iobj,
the conditional probability f(Si |pue) of the object i is
identified using LMM-based binary classification.

• Reflection point regression: For each object i ∈ Iobj, the
conditional probability f(prefl,i |Si,pue) of the reflection
point prefl is identified using LMM-based regression.

C. Visual Channel Parameter Extraction

To establish the intrinsic mapping frefl between the UE
position pue and the VCPs (Prefl, Isca), we construct labeled
samples Xsamp = {(p(n)

ue , (P
(n)
refl , I

(n)
sca ))}Nsamp

n=1 from the sens-
ing and pilot measurements {(D(n)

sens,Y
(n)
pilot)}

Nsamp

n=1 , which are
collected for various UE positions. This process includes three
steps: 1) UE position and GCP extraction; 2) initial VCP and
abstract environmental information acquisition; and 3) VCP
refinement.

1) UE Position and Geometric Channel Parameter Extrac-
tion: Initially, the UE position p

(n)
ue and rough estimates

(θ̂
(n)
, φ̂

(n)
, τ̂ (n), B̂

(n)
) of the GCPs are derived from the

pilot measurements Y
(n)
pilot. First, p(n)

ue can be acquired by
exploiting the global navigation satellite system (GNSS) data
along with the advanced positioning techniques using time-
based measurements and Doppler-based measurements [55],
[56], [57], [58], [59], [60], [61], [62], [63], [64]. Also,
(θ̂

(n)
, φ̂

(n)
, τ̂ (n), B̂

(n)
) can be obtained via various GCP

estimation techniques including subspace-based methods [65],
compressed sensing (CS)-based methods [13], [14], [15],
[16], [17], [18] and DL-based methods [19], [20], [21],
[22]. However, due to practical issues such as noise and
constraints on the numbers of antennas and RF chains,
(θ̂

(n)
, φ̂

(n)
, τ̂ (n), B̂

(n)
) may deviate from their true values and

require further refinement.
2) Initial Visual Channel Parameter and Abstract

Environmental Information Acquisition: After obtaining
(θ̂

(n)
, φ̂

(n)
, τ̂ (n), B̂

(n)
), they are converted to the initial

VCPs (P̂
(n)

refl , Î
(n)
sca ) using the sensing measurements D(n)

sens.
First, P̂

(n)

refl is derived directly from (θ̂
(n)
, φ̂

(n)
) by leveraging

the fact that (θ̂
(n)
l , φ̂

(n)
l ) are the spherical coordinates of

pbs − p̂
(n)
refl,l. Second, the scatterer indices Î(n)

sca are obtained
by identifying the object index î

(n)
sca,l associated with each

p̂
(n)
refl,l. This object identification is conducted through

semantic segmentation, a CV task that assigns a specific
class to each pixel in an image. In addition, this process
facilitates the extraction of abstract environmental information
E(n)

abs =
{

(∂Mi, ci) : i ∈ Î(n)
sca

}
, which includes the boundary

∂Mi and the class ci of each object i. The complete
environmental information Eabs =

{
(∂Mi, ci) : i ∈ Iobj

}
can be determined as Eabs =

⋃Nsamp

n=1 E(n)
abs .

To perform semantic segmentation on D(n)
sens, we use an

LMM. Specifically, we employ a chain-of-thought (CoT)
approach, a prompt engineering technique that guides the
LMM to solve complex tasks by decomposing them into
simpler subtasks and solving each subtask step-by-step [66]. In
our case, the semantic segmentation task is divided into three
subtasks: identifying the pixel regions in D(n)

sens corresponding

to P̂
(n)

refl , performing semantic segmentation on these regions,
and extracting Î(n)

sca and E(n)
abs . The CoT prompt P(n)

seg for
semantic segmentation at the nth data sample contains input
description prompt, scenario specification prompt, and task
instruction prompt.
• Input description prompt: The input description prompt

provides detailed explanation on D(n)
sens. For example,

“The input D(n)
sens consists of an RGB-D image captured by

a camera mounted at the BS. Each image contains RGB
channels for color information and a depth channel.”

• Scenario specification prompt: The scenario specifica-
tion prompt describes the task’s objective. For example,
“The BS is located at pbs, and the environment contains
L − 1 scatterers identified as Î(n)

sca . Each scatterer i is
characterized by a boundary ∂Mi and a class label ci,
collectively forming E(n)

abs =
{

(∂Mi, ci) : i ∈ Î(n)
sca

}
.”

• Task instruction prompt: The task instruction prompt
provides detailed steps for semantic segmentation. For
example, “Perform semantic segmentation on D(n)

sens to
extract scatterer indices Î(n)

sca and abstract environmental
information E(n)

abs . First, use (θ̂
(n)
, φ̂

(n)
) to locate regions

corresponding to P̂
(n)

refl . Next, classify these regions into
object classes and delineate their boundaries. Finally,
associate each p̂(n)

refl,l with its object index î(n)
sca,l.”

3) Visual Channel Parameter Refinement: Once the ini-
tial VCPs (P̂

(n)

refl , Î
(n)
sca ) are obtained, they are refined to

(P
(n)
refl , I

(n)
sca ) using the pilot measurements Y

(n)
pilot. Given that

GCP estimation techniques provide a certain level of accuracy,
we can readily assume that the scatterer indices Î(n)

sca are
correct, i.e., Î(n)

sca = I(n)
sca . Thus, the refinement process

focuses on adjusting P̂
(n)

refl. Specifically, based on the boundary
information ∂M(n)

isca,l
, a potential reflection region R(n)

l is

defined for each scatterer. Then p̂(n)
refl,l is adjusted within R(n)

l

to minimize the discrepancy between the channel reconstructed
from the refined points and the actual channel in Y

(n)
pilot. For the

reflection point adjustments, a simple grid search or advanced
optimization techniques such as particle swarm optimization
(PSO) can be used.

D. Scatterer Index Classification

In this stage, the LMM learns the mapping function between
the UE position pue and the scatterer indices Isca. Specifically,
for each object i ∈ Iobj, the LMM models the conditional
probability f(Si |pue) of the binary indicator Si as

f(Si |pue) ≈ f̂sca,i(Si |pue;Wsca,i) (49)

where f̂sca,i is the approximated probability distribution and
Wsca,i represent the network parameters. To do so, labeled
samples Xsca,i =

{
(p

(n)
ue , S

(n)
i )

}Nsamp

n=1
are extracted from

Xsamp as

S
(n)
i =

{
1 if i ∈ I(n)

sca

0 otherwise.
(50)

Note that determining f̂sca,i is a binary classification task.
In the conventional DL models, f̂sca,i is learned by directly
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training Wsca using Xsca,i. While this approach is effective
to some extent, it might not work well when the amount of
training data is limited. Moreover, the network parameters
must be retrained for each new task, which significantly
increases computational overhead and limits adaptability.

To ensure versatility across diverse tasks, the LMM lever-
ages in-context learning (also known as few-shot learning) [5].
In this approach, rather than directly learning f̂sca,i, the LMM
learns an algorithm A that selects the most suitable function
from a family of pretrained binary classifiers F as

f̂sca,i = A
({

(p(n)
ue , S

(n)
i )

}Nsamp

n=1
;Psca,i

)
(51)

where Psca,i is the scatterer index classification prompt. Using
this approach, the LMM can effectively perform the scatterer
index classification without retraining the entire network.
Since the selected function f̂sca,i is determined by Psca,
it is crucial to design Psca carefully so that it provides
clear guidance for the function selection process. Specifically,
Psca includes three elements: 1) input description prompt; 2)
scenario specification prompt; and 3) task instruction prompt.
• Input description prompt: The input description prompt

outlines the structure and contextual meaning of the
input Xsca,i. For example, “The input Xsca,i consists
of Nsamp samples, where each sample is a pair of a
three-dimensional UE position p(n)

ue and a corresponding
binary label S(n)

i . The label S(n)
i takes the value 1 if the

object i is used as a scatterer, and 0 otherwise.”
• Scenario specification prompt: The scenario spec-

ification prompt explains the abstract environmental
information Eabs (i.e., boundaries and classes of the
objects). For instance, “The BS is located at pbs and
there are Nobj objects within the wireless environments,
represented by Iobj. The boundaries and classes of these
objects are Eabs =

{
(∂Mi, ci) : i ∈ Iobj

}
.”

• Task instruction prompt: The task instruction prompt
provides detailed instructions on the scatterer index clas-
sification task. Note that an object is qualified as a
scatterer if and only if there is a reflection point on
the object that satisfies the law of reflection with respect
to the BS position pbs and the UE position pue. Thus,
these geometric constraints of signal reflection should
be incorporated into the task instruction prompt. For
example, “Perform a binary classification to determine
whether the object i is used as a scatterer for a given
UE position. The decision criterion is that an object acts
as a scatterer if there is a reflection point on the object i
that satisfies the law of reflection with respect to the BS
and UE.”

Once f̂sca,i is determined for all i ∈ Iobj, we can obtain
f(Isca |pue) using (47), thereby establishing the relationship
between the UE position pue and the scatterer indices Isca.
Furthermore, the scatterer index set Isca is obtained as

Isca =
{
i ∈ Iobj : Si = 1

}
. (52)

E. Reflection Point Regression

After the scatterer index classification, the LMM identifies
the reflection points P refl on the scatterers. While prefl,l can be

explicitly determined if the detailed environmental information
Edet, including comprehensive 3D shapes of the scatterers, is
available (see (25) and (26)), obtaining such detailed informa-
tion is highly challenging in practice. As a remedy, for each
object i ∈ Iobj, the LMM estimates f(prefl,i |Si,pue):

f(prefl,i |Si,pue) ≈ f̂refl,i(prefl,i |Si,pue;Wrefl,i) (53)

where f̂refl,i is the approximated probability distribution,
parametrized by the network parameters Wrefl,i. To facili-
tate this task, Xsamp is partitioned into the labeled subset
Xrefl,i =

{
(p

(n)
ue ,p

(n)
refl)
}
n∈Ni

for each object i ∈ Iobj where

Ni =
{
n : S

(n)
i = 1

}
. One can see that determining f̂refl,i

is a multivariate regression task. Since we need to map two
three-dimensional vectors, i.e., pue and prefl, it requires a
much more precise and specialized network compared to the
scatterer index classification. Therefore, the in-context learning
approach utilized in the scatterer index classification may not
achieve the necessary level of accuracy for this task.

To enhance the LMM’s performance and capability for
reflection point regression, we employ the low-rank adaptation
(LoRA) method which fine-tunes the network by updating
only a small set of task-specific parameters [67]. In this
approach, a subset of parameters W ∈ RX×Y (e.g., query,
key, value weight matrices in attention layers) called a low-
rank adaptor is chosen based on its relevance with the task.
These parameters are augmented with a multiplication of two
learnable matrices A ∈ RX×r and B ∈ Rr×Y where r
(≤ min{X,Y }) is the rank of these matrices (i.e., LoRA rank):

W̃ = W +AB (54)

where W̃ is the updated parameters. Then A and B are
trained using the task-specific samples Xrefl,i. In doing so, the
LMM can be effectively tailored for the reflection regression
task while significantly reducing computational and memory
overhead. Similar to Psca, the reflection point regression
prompt Prefl consists of three types of prompts for input
description, scenario specification, and task instruction.
• Input description prompt: The input description prompt

provides details about the input samples Xrefl,i. For
example, “The input Xrefl,i consists of |Ni| pairs of
three-dimensional UE positions p(n)

ue and corresponding
reflection points p(n)

refl on the surface of object i.”
• Scenario specification prompt: The scenario speci-

fication prompt describes the abstract environmental
information Eabs required for the reflection point regres-
sion. For instance, “The BS is located at pbs, and
there are Nobj objects within the wireless environment,
represented by Iobj. The boundaries and classes of these
objects are described by Eabs =

{
(∂Mi, ci) : i ∈

Iobj

}
.”

• Task instruction prompt: The task instruction prompt
provides instructions for the reflection point regression
task. For example, “Perform a regression task to deter-
mine the reflection point prefl on the surface of object
i given the UE position pue. The reflection point must
satisfy the law of reflection with respect to pbs and pue.”
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Fig. 3. Illustration of the reflection learning of LMM-CE.

F. Robustness to Environmental Factors

In LMM-CE, the multimodal data (i.e., pilot and sensing
measurements) is used solely during the initial CKM construc-
tion to generate the VCP dataset. Once the CKM is established,
channel information is inferred directly from the UE position
using the learned CKM. This approach not only reduces the
computational complexity associated with processing multi-
modal data but also improves robustness to environmental
factors such as noise, occlusions, and misalignments. While
these environmental factors may not affect the inference stage,
they can influence the VCP dataset generation during the
initial CKM construction stage. In this subsection, we discuss
strategies for ensuring robustness against these challenges.

• Noise: Noise in the RGB-D sensor data can affect the
performance of VCP extraction, especially in low-light
or rainy conditions. However, since the RGB-D images
are used only for the initial construction of the CKM,
we can selectively choose RGB-D training data captured
under conditions with lower noise to maximize the VCP
extraction performance.

• Occlusion: While occlusion can impact the multipath
propagation environment, it has minimal effect on the
performance of VCP extraction for the following reasons.
First, occlusion of dominant scatterers, such as buildings,
from the BS’s view is rare due to their high eleva-
tion. Second, in cases of persistent occlusion, a blocked
scatterer no longer contributes to signal propagation, so
its absence does not impact performance. Finally, for
temporary occlusions, we can exclude affected images
during CKM dataset construction, ensuring only reliable
data is used for training.

• Misalignment: If the camera is not accurately directed
toward the UE direction, it can lead to missing or
incorrect data. To circumvent such events, we can lever-
age the synchronization signal block (SSB) beam index
obtained at the initial access. During the initial access,

the BS sequentially transmits a series of beam codewords
carrying SSBs, and then the UE reports the index of the
SSB beam corresponding to the highest received signal
power to the BS. Since these SSB beams are directed
toward distinct angles, the BS can obtain a rough estimate
of the UE direction from the reported SSB beam index.
Furthermore, considering that typical RGB-D camera can
provide horizontal and vertical FoVs of 70◦ and 40◦,
respectively, while the angular spreads of AOA and ZOA
in mmWave/THz bands are approximately 10–15◦ and
7–11◦, respectively, each RGB-D camera is well-suited
to capture the signal propagation [38].

V. NUMERICAL RESULTS

A. Simulation Setup

We consider a mmWave MISO system where a BS equipped
with a Nh × Nv = 8 × 4 uniform planar array (UPA)
antenna serves a single antenna UE. The BS is located at
pbs = [ 0 0 15 ]T and the orientation of the BS antenna
array is (α, β, γ) = (0◦, 100◦, 0◦). Accordingly, the position
vector of the (i, j)th BS antenna is given by pbs,(i−1)Nh+j =

pbs + R
[ (
i− Nh−1

2

)
dh

(
j − Nv−1

2

)
dv 0

]T
where R ,

Rx(α)Ry(β)Rz(γ) is the rotation matrix and dh = dv = c
2fc

are the horizontal and vertical antenna spacings. For the
analog-digital hybrid architecture, we set the number of RF
chains to NRF = 8. We employ the geometric frequency-
selective channel model operating in the mmWave FR2 band
with carrier frequency fc = 28 GHz and system bandwidth
B = 400 MHz [14], [38]. The pilot transmission spans T = 14
OFDM symbols across 64 resource blocks (RBs), resulting in
a total of S = 64 × 12 = 768 pilot subcarriers. We set the
signal-to-noise ratio (SNR) to 20 dB. For the proposed LMM-
CE, we employ LLaVA-NeXT-Interleave 7B, a pre-trained
LMM model based on the Qwen-1.5-7B-Chat architecture
with 7 billion parameters and specialized in handling multi-
image, video, and 3D data [68]. We fine-tune the attention
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Fig. 4. Examples of RGB-D images for various wireless environments.

layer of this model using the LoRA technique with the
LoRA rank of r = 8. We use the cross-entropy between
the predicted and true token probability distributions as a loss
function (see (43)). The fine-tuning process is performed on a
system equipped with an Intel Xeon 6326 CPU with 16-core
processors and an NVIDIA L40S GPU with 48 GB of VRAM.

As a performance metric, we evaluate the normalized
mean square error (NMSE) of channel prediction defined as
NMSE = 1

Ntest

∑Ntest

n=1
‖H(p(n)

ue )−Ĥ(p(n)
ue )‖2F

‖H(p
(n)
ue )‖2F

where Ĥ(p
(n)
ue ) is

the predicted channel matrix for a given UE position p(n)
ue .

For comparison, we use six channel mapping schemes and
a RF-based channel estimation scheme: 1) vision transformer
(ViT)-based VCP regression scheme; Transformer-based VCP
regression scheme [69]; 3) CNN-based VCP regression
scheme; 4) linear VCP regression scheme; 5) LMM-based
GCP regression scheme; 6) Transformer-based GCP regression
scheme; and 7) CS-based channel estimation scheme [15].

B. Multimodal Dataset Generation

We employ the NVIDIA SionnaTM platform to generate the
sensing and pilot measurements dataset. Initially, we construct
three wireless environments using Blender: 1) urban micro
(UMi) on the Massachusetts Institute of Technology (MIT)
campus; 2) urban canyon (UC); and 3) indoor hotspot (InH)
(see Fig. 4). Specifically, the UC scenario includes up to 8
buildings positioned along the sides of a four-lane road aligned
parallel to the x-axis, with the UE moving the road. The
width of each building and lane is 6 m and 2 m, respectively.
The InH scenario features four side walls and two obstacles
within the environment. Throughout the simulations, the UC
scenario is used unless specified otherwise. Next, we perform
ray tracing on the generated environments to determine the
multipath components (i.e., angles, delays, and path gains) and
corresponding VCPs. These parameters are then used to gener-
ate pilot measurements. Lastly, using the rendering function of
Sionna, we capture images of the wireless environments using
an RGB-D camera with a pixel resolution of 1024× 768 and
a FoV of 120◦ to generate the sensing measurements. Finally,
we generate Ndata = 8,000, Nval = 1,000, and Ntest = 1,000
samples for training, validation, and test, respectively.

Fig. 5. Reflection point MSE as a function of the number of iterations.

C. Simulation Results

In Fig. 5, we plot the cross-entropy losses during train-
ing and validation in the fine-tuning process for reflection
point regression. We observe that as the number of itera-
tions increases, both training and validation losses decrease
substantially. This implies that the LoRA-based fine-tuning
process is working properly and the reflection point regression
performance can be enhanced with only a small number of
parameter updates.

In Table I, we compare the channel NMSE, inference
time, and memory usage of LMM-CE with conventional DL
models, including ViT, Transformer, and CNN. We see that
LMM-CE achieves significantly higher channel prediction
accuracy compared to the conventional DL models; however,
the inference time and memory usage of LMM-CE are also
the highest. Nevertheless, considering ongoing advancements
in fast and low-power LMM models and GPU architectures,
together with the model compression techniques (e.g., pruning
and quantization) and edge learning techniques (e.g., federated
learning (FL) and split learning), we expect that the inference
time of LMM-CE can be further reduced down the road
[70]. We also compare the LMMs with different numbers of
parameters. We observe that the LMM with a larger number
of parameters performs slightly better but also has longer
inference time and higher memory usage. This demonstrates
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TABLE I
COMPARISON OF CHANNEL NMSE, INFERENCE TIME, AND MEMORY USAGE WITH CONVENTIONAL DL-BASED METHODS

Fig. 6. Scatterer index accuracy and reflection point MSE as functions of the
number of scatterers.

that LMM-CE can effectively be implemented with lighter
LMMs, reducing inference time and resource usage.

In Fig. 6, we plot the reflection learning performances in
terms of scatterer index accuracy and reflection point mean
squared error (MSE) as functions of the number of scatterers.
The scatterer index accuracy is defined as the ratio of the
number of samples with correctly classified scatterer sets to the
total number of samples. Similarly, the reflection point MSE is
defined as the average MSE of the predicted reflection points.
We observe that while the reflection learning performance
shows a slight decrease as the number of scatterers increases,
the degradation is marginal. Considering that the number of
propagation paths in mmWave/THz band is typically lower
than 6, this demonstrates that the proposed reflection learning
can be an effective solution for identifying signal propagation
environments in mmWave/THz systems.

In Fig. 7, we plot the reflection learning performance
in terms of scatterer index accuracy and reflection point
MSE as functions of SNR. Recall that the training dataset
Xsamp = {P (n)

refl , I
(n)
sca }Nsamp

n=1 for the reflection learning
are extracted from the sensing and pilot measurements{
D(n)

sens,Y
(n)
pilot

}Nsamp

n=1
. Thus, the accuracies of the extracted

VCPs are affected by the SNR. We observe that the proposed
LMM-based reflection learning technique accurately deter-
mines both scatterer indices and reflection points. For example,
when SNR = 20 dB, the proposed technique achieves 94%
scatterer index classification accuracy and 0.13 m reflection
point regression MSE. Even in the low SNR regime, it achieves

Fig. 7. Scatterer index accuracy and reflection point MSE as functions of the
number of scatterers.

Fig. 8. Channel NMSE as a function of the SNR.

88% scatterer index accuracy and a reflection point MSE of
less than a meter.

In Fig. 8, we investigate the channel NMSE as a function
of SNR under two scenarios: combined LOS and NLOS
propagation scenario, and NLOS-only propagation scenario.
We observe that the proposed LMM-CE outperforms the
benchmark schemes by a large margin. For example, in
the combined LOS and NLOS scenario at SNR = 20 dB,
LMM-CE achieves around 12.7 dB NMSE gain over the linear
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Fig. 9. Channel NMSE as a function of the number of scatterers.

GCP regression schemes. Even when compared to the LMM-
based GCP regression scheme, the NMSE gain is more than
4 dB. This is because the piecewise continuity of GCPs,
induced by the geometric distributions of scatterers and reflec-
tion points, is not adequately captured in the GCP regression
schemes. In contrast, by sequentially determining the scatterer
indices and reflection points, LMM-CE can effectively identify
local regions where reflection points exhibit continuity, thereby
enhancing the regression performance significantly.

In Fig. 9, we plot the channel NMSE as a function of the
number of scatterers. We observe that the proposed LMM-CE
significantly reduces the channel NMSE over the benchmark
schemes. For instance, in the combined LOS and NLOS
scenario with 6 scatterers, the channel NMSE of LMM-CE is
4 dB lower than that of the DL-based GCP regression scheme.
One of the key advantages of LMM over conventional DL
models is that it can comprehend task-specific instructions,
even when these instructions are not mathematically defined,
and leverage this understanding to enhance task performance.
In our task, the LMM can interpret the underlying physical
law (i.e., the law of reflection) that governs the relationship
between the UE position and the VCPs based on the prompts.
In contrast, the DL-based scheme has no such mechanism
to incorporate such physical principles into the regression
task.

In Fig. 10, we present the channel NMSE performance
across various scenarios, including UMi and InH. We observe
that the proposed LMM-CE scheme performs effectively in
all scenarios tested. Furthermore, to demonstrate the superi-
ority of our LMM-based approach, we compare the channel
NMSE performance of LMM-CE with that of VCP regression
schemes based on ViT, Transformer, and CNN. We observe
that our LMM-based approach outperforms the conventional
DL-based approaches. Furthermore, the channel NMSE gain
of the LMM-based approach increases as the UE location error
grows. This robustness of LMMs arises from the large network
size and extensive training on diverse and ambiguous data,
which enables them to effectively adapt to unseen noisy inputs.

Fig. 10. Channel NMSE in UMi and InH scenarios.

Fig. 11. Channel NMSE as a function of the speed of UE.

In Fig. 11, we plot the channel NMSE as a function of the
speed of UE. We observe that the performance of the CS-based
channel estimation scheme decreases sharply as the speed of
UE increases, while those of channel mapping schemes show
only marginal changes. This is because the channel mapping
schemes learn the CKM beforehand and directly infer the
channel from the UE positions during inference, without using
pilot measurements. In contrast, the CS-based scheme relies
heavily on pilot measurements for channel estimation. As a
result, it experiences significant performance degradation in
high-mobility scenarios where acquiring reliable and sufficient
pilot measurements is challenging. Furthermore, to show the
efficacy of LMM-CE in THz band, we present the channel
NMSE performance in 0.1 THz band in Fig. 11. We observed
that while LMM-CE remains effective in estimating the chan-
nel in the THz regime, the channel NMSE gain is slightly
lower compared to that in the mmWave band. This is because,
due to the extremely high path loss, the number of paths is
significantly reduced in THz band. Consequently, the benefit
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TABLE II
CHANNEL NMSE PERFORMANCE OF LMM-CE ACROSS DISTINCT

UNTRAINED ENVIRONMENTS

TABLE III
NMSE PERFORMANCE OF LMM-CE FOR DIFFERENT LANE NUMBERS

of the proposed reflection learning technique is somewhat
diminished.

To demonstrate the generalization capability of LMM-CE,
in Table II, we show the channel NMSE performance in three
distinct untrained environments. In the first environment, we
employ scatterers with various shapes, including cylinders
and pentagons. In the second environment, we randomly
change the positions of the scatterers. In the third environ-
ment, we change the positions of the BS. We observe that
LMM-CE can effectively predict the channel even in these
unseen environments. Furthermore, in Table III, we present
the channel NMSE performance of the proposed LMM-CE
scheme across different numbers of lanes. In this figure, we
fine-tune the LMM on samples collected from the six-lane
environment and then test its performance on samples col-
lected from environments with different numbers of lanes. We
observe that while the LMM-based GCP regression scheme
performs well only in the two-lane environment, LMM-CE
demonstrates robust performance even in the six-lane environ-
ment. In the two-lane environment, the UE moves exclusively
along the road so the reflection point changes linearly. How-
ever, in the six-lane environment, the UE moves both along
and across the road, leading to nonlinear variations in the
reflection points. By exploiting the physical principles that
determine the VCPs, LMM-CE can effectively handle these
nonlinear variations and accurately predict the VCPs.

VI. CONCLUSION

In this paper, we proposed an LMM-based environment-
aware channel estimation scheme called LMM-CE that
integrates sensing and pilot measurements to extract contextual
channel information. To do so, we introduced the notion
of VCPs, including the positions of UE, reflection points,
and scatterers. Unlike the GCPs (i.e., angles, delays, and

path gains) which provide only analytic descriptions of the
signal propagation, the VCPs directly visualize the propagation
environment. Using the VCPs, the physical interactions (e.g.,
reflections and blockages) of transmitted signals with the
surrounding environments can be effectively identified. To
uncover the intrinsic relationship between the UE position
and the VCPs, we developed a reflection learning technique
that extracts the VCPs and learns their probability distributions
using the LMM. Finally, we established a CKM between the
UE position and the channel. From the numerical evaluations,
we demonstrated that LMM-CE can accurately predict the
channel information across entire wireless environments. In
this work, we focused on the channel estimation task; how-
ever, we believe that LMM-CE holds significant potential for
broader applications such as beam tracking and handover.
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U.S. Presidential Early Career Award for Scientists and Engineers (2004).

Authorized licensed use limited to: MIT. Downloaded on February 06,2026 at 18:08:23 UTC from IEEE Xplore.  Restrictions apply. 


