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Abstract—Future 6G wireless systems are expected to exploit
the upper mid-band with large-scale MIMO to support high-
capacity and reliable communication. To fully leverage the
advantages of upper mid-band systems, timely and accurate
beam management is essential to maintain robust links under
user mobility and dynamic blockage. Conventional RF-based
beam management techniques mainly rely on instantaneous
channel observations. As a result, they have limited capability
to anticipate abrupt channel variations caused by environmental
changes. large multimodal models (LMMs) provide a promising
solution by jointly interpreting RF measurements and contex-
tual information from visual or spatial observations, enabling
environment-aware beam tracking. However, performing full
LMM inference for every beam update introduces non-negligible
processing latency, which can make beam decisions outdated
in rapidly varying channels. To address this issue, we propose
an early-exit LMM-based beam management framework that
adaptively terminates inference at intermediate layers using
prediction heads and confidence-aware exit decisions. By avoiding
unnecessary computation for easy beam management instances,
the proposed framework reduces beam decision latency while
preserving the context-aware reasoning capability of LMMs.
Numerical results show that the proposed scheme improves beam
tracking efficiency and achieves a 28 % improvement in data rate
over 5G NR beam management at an SNR of 10 dB.

I. INTRODUCTION

To support emerging data-demanding and delay-sensitive
applications such as physical Al and autonomous driving,
millimeter wave (mmWave) bands have been adopted in 5G
to provide wide bandwidth. However, due to severe path loss
and limited coverage, the practical deployment of mmWave
systems remains challenging [1]. Recently, the upper mid-
band, also referred to as frequency range 3 (FR3), has attracted
significant attention as a promising spectrum for future wire-
less networks since it can strike a balance between bandwidth
and coverage. In the upper mid-band, improved propagation
characteristics make non line-of-sight (NLoS) components
more critical, leading to richer multipath propagation. There-
fore, beamforming in upper-mid-band systems should consider
propagation loss and the time-varying nature of multipath
channels.
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Fig. 1: Conceptual diagram of the early-exit LMM-aided beam
management.

Large-scale multiple-input multiple-output (MIMO) beam-
forming is a key technology for improving network capacity
and compensating for propagation loss. Beamforming concen-
trates the signal energy from multiple antennas toward the
desired propagation directions, thereby improving the signal-
to-noise ratio (SNR), data rate, and communication reliability.
Since these benefits strongly depend on accurate alignment
between directional beams and signal propagation paths, beam
management is of great importance. However, in FR3 envi-
ronments, the optimal beam direction varies rapidly due to
user mobility, multipath propagation, and dynamic obstacles.
Therefore, beam management should promptly and accurately
adapt to channel variations to sustain reliable directional links
in upper mid-band MIMO systems.

Conventional RF-based beam management methods rely
on pilot signals and previous beam indices to estimate the
optimal beam direction [2]. Although these methods directly
reflect instantaneous channel conditions, the acquired channel
information may quickly become outdated due to environ-
mental dynamics. Consequently, their ability to understand
the surrounding propagation environment remains limited. As
a result, RF-based methods may suffer from delayed beam
recovery and increased training overhead under discontinuous
channel variations in dynamic environments [3].

In upper mid-band systems, the propagation environment is
more complex than that in conventional sub-6 GHz systems,
while NLoS and reflected paths become more significant than
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in highly directional mmWave systems. Accordingly, beam
management should not be limited to tracking a dominant
propagation path but should accurately capture multiple prop-
agation components induced by user mobility, blockage, and
surrounding scatterers. This necessitates environment-aware
channel estimation that can exploit both RF measurements
and contextual information from the surrounding environ-
ment. To address this, large multimodal models (LMMs) have
emerged as a promising solution for context-aware wireless
communication by jointly processing RF measurements and
semantic environmental information [4]-[6]. By exploiting
multimodal context, LMM-aided beam management can infer
potential blockages and mobility patterns that are difficult
to capture using traditional RF-based beam management [7].
However, directly applying full-depth LMM inference to beam
management introduces substantial processing latency, leading
to stale beam decisions.

In this paper, we propose a latency-efficient LMM-aided
beam management technique. We adopt an early-exit strat-
egy [8] by adding one or more exit branches, which enable
inference to exit at an intermediate layer when sufficient
confidence is reached. The proposed technique, termed early-
exit LMM-aided beam management (EE-LMMBM), supports
latency-efficient beam management by performing early ex-
its for high-confidence beam predictions while using deeper
layers only for uncertain cases. Numerical results show that
EE-LMMBM improves the data rate by 28% over 5G NR
beam management at an SNR of 10 dB and achieves 7.5
bps/Hz at a user speed of 90 km/h, compared with 3.3 bps/Hz
for full-depth LMM-based beam management.

II. SYSTEM MODEL
A. UM-MISO Communication System Model

We consider a downlink UM-MISO communication system,
where a base station (BS) is equipped with N = N, x Ny
uniform planar array (UPA) antennas. At time step ¢, the BS
transmits a symbol s*) to the mobile user using a transmit
beamforming vector f(*) € CN*!. The received signal at the
user at time step ¢ is given by

y® = (n®) P00 4 0 (1)

where h(*) € CV denotes the downlink channel vector from
the BS to the mobile user, f!) ¢ CV is the transmit beam-
forming vector for the user, and n(Y) ~ CN (0, 0?) is additive
white Gaussian noise. Then, the signal-to-noise ratio (SNR) of
the user at time step ¢ is given by (! = Wﬂ Then,
the achievable data rate of the k-th mobile at time step ¢ is
given by

R® = log, (1 n 7“)) . )

To capture the directional nature of the high carrier fre-
quency wireless channel, we consider a geometric channel
model. The channel vector at time step ¢ is represented as

L®
h® =3 e a0, o) e N, 3)
=1
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where L(*) is the number of propagation paths, Be(t) and a?)

are the complex path gain and phase shift of the /-th path,
respectively. Qét) € [-m,7) and ¢gt) € [0, 7] are the azimuth
angle of departure (AoD) and zenith angle of departure (ZoD),
respectively. Also, a(f, ¢) = a, (0, ¢) ® a, (0, ¢) is the array
steering vector of the UPA, where a,(0, ¢),a, (0, ¢) are the
steering vectors for the horizontal and vertical dimensions of
the UPA, given by

1 L. ) . 1y o ) T
az(0’¢) _ = |:1’e]7rsm9cos¢’.__ 7ej‘ir(NgE 1)51n0c05¢:| (4)
ay(0 ¢) _ 1 |:1 ej7r sinfsing ejTr(Nyfl) sin 6 sin ¢:| T (5)
s \/N7y ) ) P

assuming a half-wavelength spacing between antenna element.

B. Beam Management for MISO Systems

In this subsection, we discuss the basic beam management
process in the considered ultra-massive multiple-input single-
output (UM-MISO) system. The objective of beam manage-
ment is to properly align the beamforming vector f with the
downlink channel vector h. At time slot ¢, the BS acquires
RF pilot-based information R®, which can be obtained from
SRS or CSI-RS. Based on R(t), the BS can estimate down-
link channel vector as h(?) using various channel estimation
schemes. Given a beam codebook F = {fi,...,fr}, the BS
selects the beam that maximizes the estimated beamforming
gain as

2
i = argmax ’fiHh(t)‘ . (6)
ie{l,...,I}
The selected beamforming vector is then given by f(*) = £ .

However, in UM-MISO systems, channel estimation and
beam management can become computationally demanding
due to the large antenna dimension. As a result, the beam man-
agement latency, denoted by ¢p);, may become non-negligible.
During this latency, the wireless channel can vary due to user
mobility and environmental dynamics. Consequently, the beam
selected based on h(®) is actually applied to the aged channel
h(t+tsm) - and the effective beamforming gain becomes

" 2
(h(t+tBM)) £ (7

(ttem) _
Gl BM) _

Advanced channel estimators, such as LMM-based channel
estimation, can reduce the instantaneous estimation error
[h® —h(®]| by exploiting contextual multimodal information.
However, such estimators may also increase tpy, resulting
in a larger channel aging error ||h(*+*8M) — h(*)||. Therefore,
practical beam management should account for the trade-off
between channel estimation accuracy and channel variation
induced by beam management latency.

III. EARLY-EXIT LMM-AIDED BEAM MANAGEMENT

In this section, we present the proposed early-exit LMM-
aided beam management framework. The key idea is to exploit
multimodal context for environment-aware beam prediction
while reducing the inference latency of the LMM using early
exits.
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Fig. 2: Illustration of the proposed EE-BM.

A. LMM-aided Channel Estimation

Conventional RF pilot-based beam management techniques
mainly rely on historical channel measurements to estimate
the beam direction, and this fails to capture abrupt channel
variations caused by user mobility and the surrounding en-
vironments. To overcome this limitation, LMM-aided beam
management has emerged as a promising approach by incorpo-
rating multimodal sensing information into the beam decision
process. In this context, LMM exploits RF measurements
and sensing information to obtain a semantic understanding
of the propagation environment. Specifically, the LMM first
detects mobile users from the visual observation and ex-
tracts contextual information about the surrounding objects,
such as their positions, motions, and reflective surfaces. In
particular, even in NLoS or partially blocked scenarios, the
LMM can infer signal reflection paths by understanding the
spatial relationships among the BS, mobile users, and their
surroundings, thereby achieving a higher beamforming gain
and more reliable beam alignment.

To formally describe the multimodal encoding process, let
the input to the LMM at time ¢ be defined as

XM — {Im’R(t)} ,

where I(*) denotes the visual sensing information and R
denotes the RF-based estimated channel parameters.

The visual sensing information is encoded by the vision
encoder and projected into the LMM embedding space as

Effti)sion = insionfvision (I(t)) ,

where fyision(+) is the vision encoder and W oy is the visual
projection layer. The RF-based estimated channel parameters
are converted into a structured textual representation and
embedded by the language embedding layer as

Egilt = frext (R(t)> )

where fiext(-) denotes the text embedding layer of the LMM.

The multimodal token representation is then constructed by
concatenating the visual and textual embeddings:

00— onen (8 L)

The Transformer backbone of the LMM consists of N se-
quential Transformer layers and processes the unified token
representation as

ZY = Braw (U(t)> =ByoBy-10:-0B (U(t)) ’

where Bryv(-) denotes the Transformer backbone of the
LMM and B,,(-) denotes the n-th Transformer layer. Based
on the hidden representation Z(*), the LMM decoder D ()
generates the estimated channel parameter matrix C® as

CY = Dy (Z(t)) .

The estimated channel parameter matrix is c®H =

[ﬁ(t), d(f‘), qAbm, é(t)}T. Based on the parameter composer, the
estimated channel is given by

L
WO =30 iea (30.00) ec¥. ®

where L denotes the estimated number of propagation paths.
Finally, based on fl(t), the beam selector determines the beam
index ¢(*) that maximizes the beamforming gain, as defined in
(6), and selects the corresponding beamforming vector f;(t).

B. Exit head training

LMM-based beam management introduces non-negligible
inference latency, leading to outdated beam decisions. To
reduce the inference latency, we introduce intermediate exit
heads into the LMM backbone. The key idea is to allow the
model to produce an early channel reconstruction before com-
pleting the full-depth LMM inference when the intermediate
representation is already sufficiently informative. The newly
attached exit head is randomly initialized, so its output token
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does not reflect the semantic reliability of the intermediate
LMM representation. Therefore, we train lightweight exit
heads while keeping the LMM backbone frozen. During exit-
head training, multimodal inputs, including RF measurements
and visual sensing information, are first encoded by the frozen
LMM backbone into intermediate hidden representations.
Then, a lightweight MLP head géi)it() at layer ¢ maps the
intermediate hidden state to an estimated channel parameter
matrix, which is used to estimate the channel state.

G = D ( Jexit (Z(z t)>)

The training objective Lot is defined to minimize the
prediction error between the intermediate channel parameter
matrix and the ground-truth channel parameter matrix. By
optimizing only the lightweight exit heads, the proposed train-
ing procedure enables reliable intermediate channel estimation
without the high cost of full LMM fine-tuning. Specifically,
for the exit head attached to the /-th LMM layer, the exit loss
is defined as
aen

exit

£

exit T H

-0,
F,

where Cgutt) is the channel parameter matrix estimated by the
(-th exit head, and C® is the ground-truth channel parameter
matrix at time ¢. When multiple exit heads are attached to

different LMM layers, the total exit-head training loss is given

by
£exit = Z )\Z‘Cg()ita
Leg
where £ denotes the set of exit layers and ), is the loss weight
for the ¢-th exit head.

C. Confidence-based Early Exit Mechanism

After training the exit heads, the LMM performs inference
in a layer-wise manner. At each exit layer, the corresponding
exit head estimates the channel parameter matrix from the in-
termediate hidden representation. The ¢-th exit head produces
the intermediate channel parameter estimate and its reliability
logit as

640, s80] = Duana (o2 (29)) . @

where Cé ’lt) denotes the channel parameter matrix estimated

by the ¢-th exit head, and sg(’itt) is a scalar reliability logit for
the intermediate channel estimation.
To obtain a normalized channel-level confidence score, the

reliability logit is converted by the sigmoid function as
0 = o (+0).
where () denotes the sigmoid function. The LMM exits at

the first layer ¢* whose channel-level confidence exceeds a
predefined threshold:
) > T} (11)

* = min {€ ef| c
where £ is the set of layers equipped with exit heads, and 7
is the confidence threshold.

(10)

If the early-exit condltlon* is satisfied, the intermediate
channel parameter matrix Cemtt is directly used for channel
reconstruction and beam management, and the remaining
LMM layers are skipped. Otherwise, the model continues
forward propagation until the next exit layer or the final layer.
When no intermediate exit satisfies the confidence condition,
the final-layer output is used for channel estimation.

The threshold 7 controls the tradeoff between inference
latency and channel estimation reliability. A smaller value of
7 allows more samples to exit early and reduces inference
latency, while a larger value makes the model more conser-
vative and improves the reliability of the estimated channel.
In practice, 7 is selected as a validation hyperparameter by
sweeping candidate values and choosing the operating point
that provides a desirable latency—performance trade-off.

However, the confidence score obtained from the reliability
logit can be overconfident and may not accurately reflect
the true reliability of the intermediate channel estimation. To
alleviate this issue, we calibrate the confidence of each exit
head using temperature scaling on a validation set [9]. The
calibrated channel-level confidence is computed as

Z,
~(/ 1) _ =0 sc(sxitt)
Cch TZ ’

where T} is the temperature parameter optimized on a valida-
tion set while keeping the trained exit head fixed. The final
early-exit decision is made using the calibrated confidence
score:

12)

~(£ 0> T.

Cn = (13)

This calibration step reduces unreliable overconfident predic-
tions and prevents premature exits.

IV. NUMERICAL RESULTS
A. Simulation Setup

We consider a UM-MISO system in which the BS, equipped
with N = 8 x 8 UPA antennas, serves a single-antenna
mobile user at a carrier frequency of 10GH z. To construct
the dataset for training the LMM and the exit head, we utilize
CARLA, which provides a 3D simulation environment with
realistic visual observations. In the CARLA simulation, we
assume that the BS is located at the center of the simulated
area, and the RGB cameras mounted at the BS continuously
capture the surrounding environment. The wireless channel is
generated by performing ray tracing in MATLAB based on
the CARLA simulation geometry. For the pretrained LMM, we
use LLaVA-7B [10]. To emulate a practical beam management
processing time, the server-side computation is implemented
on an NVIDIA L40S GPU.

B. Simulation Results

In Fig. 3, we plot the data rate as a function of the transmit
SNR. We observe that EE-LMMBM achieves a higher data
rate than the conventional beam management scheme [11],
while maintaining performance comparable to LMM-based
beam management. This improvement stems from the ability
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Fig. 3: Data rate vs. transmit SNR

of EE-LMMBM to exploit multimodal information collected
at the BS. By using visual and RF-domain observations,
EE-LMMBM can accurately infer complex NLoS channel
conditions and select an appropriate beam with reduced com-
putational overhead and beam management latency. At an
SNR of 10 dB, EE-LMMBM improves the data rate by 28%
compared with 5G NR beam management.

In Fig. 4, we evaluate the data rate with respect to the av-
erage user speed. At low mobility, both LMM-based methods
achieve relatively high data rates since the channel variation
is moderate and the beam decision remains valid during the
inference process. However, as the user speed increases, the
performance gap between the proposed EE-LMMBM and con-
ventional LMM-based beam management becomes significant.
For example, at 90 km/h, the proposed EE-LMMBM achieves
about 7.5 bps/Hz, whereas conventional LMM-based beam
management drops to about 3.3 bps/Hz. This represents a
data rate improvement over full-depth LMM-based beam man-
agement. The main reason is that full-depth LMM inference
incurs non-negligible processing latency, which can make the
predicted beam direction outdated in high-mobility scenarios.
This result demonstrates that the proposed EE-LMMBM can
update the beam direction in a more timely manner, effectively
mitigating latency-induced beam misalignment.

V. CONCLUSION

In this paper, we proposed an early-exit-aided LMM-based
beam management method for UM-MISO systems. While
conventional RF-pilot-based beam management depends on
instantaneous channel measurements, the proposed framework
leverages contextual information obtained from the wireless
environment to perform environment-aware beam manage-
ment. Specifically, the LMM captures visual and semantic
cues related to UE movement, blockage, and reflections.
This enables more reliable beam tracking under dynamic
channel conditions. We introduced an early-exit mechanism
that adaptively terminates LMM inference when the interme-
diate beam prediction is sufficiently confident. This reduces
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Fig. 4: Data rate vs. average user speed

inference latency and computational cost, thereby alleviating
stale-beam-induced misalignment. Numerical results verify
that the proposed method improves the effective sum rate and
reduces the beam misalignment probability while requiring
lower inference latency than full LMM inference, showing its
potential for efficient and reliable beam management in future
UM-MISO systems.
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