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Abstract—Fixed-mobile underwater acoustic networks must
coordinate low-power monitoring nodes with autonomous un-
derwater vehicles (AUVs) and gliders over links that have
narrow bandwidth, long propagation delay, intermittent contact,
and non-stationary sea-state dynamics. Fixed access rules are
therefore inefficient: a slot that appears idle may expire before
feedback returns, and parameters selected under one sea state
may become unsuitable after a shift. This paper presents a
multimodal-aware and meta-adaptive cross-layer medium access
control (MAC) protocol for fixed-mobile underwater acoustic
networks. The protocol fuses historical channel state informa-
tion, environmental observations, and MAC telemetry through
a lightweight temporal convolutional network (TCN) to produce
slot-availability priors. Mobile nodes then construct short-validity
Medium Access Plan (MAP) schedules under contact-window,
fairness, retransmission, and expiration constraints. Feedback-
triggered lightweight adjustment refines the transmission-power
and contention-window hints within the MAP boundary. Simu-
lations show that the predictor achieves accurate received signal
strength indicator (RSSI) estimation (R? = 0.8253), the dynamic
MAP scheduler improves relative delivery robustness, fairness,
and energy efficiency under fixed-mobile-resource overload set-
tings, and the supporting adjustment improves post-shift access
behavior in the tested scenarios.

Index Terms—Underwater acoustic networks, fixed-mobile col-
laboration, cross-layer MAC, multimodal prediction, dynamic
MAP scheduling, meta-learning.
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I. INTRODUCTION

Underwater acoustic networks enable ocean observation,
environmental monitoring, seabed exploration, and cooper-
ative underwater operations. Their medium access control
(MAC) design is fundamentally different from terrestrial ra-
dio networks because acoustic links have narrow bandwidth,
low propagation speed, severe multipath, large delay spread,
Doppler variation, and strong environmental noise. These
physical characteristics make carrier sensing unreliable, en-
large guard-time requirements, and reduce the effectiveness
of fixed-slot or centrally coordinated access unless the MAC
layer is redesigned for acoustic propagation [1], [2].

Fixed-mobile underwater networks add another layer of
difficulty. Fixed monitoring nodes are suitable for long-
term sensing but have limited energy and local visibility.
Autonomous underwater vehicles (AUVs) and gliders can
collect data, estimate local channel conditions, and coordinate
nearby fixed nodes, but their contact windows are short and
topology-dependent. Recent underwater MAC protocols im-
prove reliability through dynamic reservation, hybrid retrans-
mission, non-orthogonal multiple access (NOMA)-assisted
access, georouting-aware control, AUV-assisted scheduling,
cluster-based spatial-temporal scheduling, and mobility-aware
conflict-graph scheduling [3]-[9]. AUV-assisted path repair
has also been studied to restore disrupted underwater routing
paths [10]. Topology-aware node scheduling and opportunistic
forwarding have also been investigated for underwater net-
works [11], [12]. These studies improve channel utilization,



but most of them still react to current requests or current
channel estimates. A practical fixed-mobile MAC should also
answer whether a future contact interval will remain usable
after propagation delay, data transmission, guard time, and
feedback are considered.

Learning-based underwater communication methods pro-
vide useful tools for channel prediction and adaptive con-
trol [13]-[16]. However, prediction, scheduling, and access-
parameter adaptation are often optimized as separate modules.
This separation is fragile under non-stationary sea states: after
a sudden increase in noise or delay spread, the same power
and contention-window settings may produce acknowledgment
(ACK) timeouts, power-insufficient transmissions, and unnec-
essary backoff [17]. Meta-learning is attractive in this setting
because it can learn an initialization that adapts with only a
small support set [18], while drift detection can decide when
such online updates are necessary [19].

This paper proposes MAMA-MAC, a compact cross-layer
protocol that connects multimodal prediction, mobile-node-
driven Medium Access Plan (MAP) scheduling, and feedback-
triggered access adjustment. Here, multimodal refers to hetero-
geneous data modalities—channel observations, environmen-
tal observations, and MAC telemetry—rather than multiple
physical-layer communication technologies. The central de-
sign principle is to use learning as a soft prior and preserve
acoustic feasibility as a hard MAC-layer constraint. In partic-
ular, predicted slot availability increases the scheduling score,
but residual contact time, MAP expiration, retransmission con-
straints, and fairness penalties decide whether a transmission
is actually authorized. The two contributions are summarized
as follows:

o We design a closed-loop cross-layer MAC framework that
couples a TCN-based slot-availability prior with mobile-
node-driven dynamic MAP scheduling. The scheduler
retains contact-window, expiration, retransmission, and
fairness rules as hard constraints.

e« We incorporate a drift-triggered, lightweight access-
adjustment path that uses feedback to refine power and
contention-window hints in later MAP cycles. This sup-
porting mechanism is explicitly bounded by the MAP
schedule and does not authorize transmissions by itself.

The remainder of this paper is organized as follows. Sec-
tion II defines the fixed-mobile network model and problem
statement. Section III presents MAMA-MAC. Section IV
reports simulation results, and Section V concludes the paper.

II. SYSTEM MODEL AND PROBLEM STATEMENT

Consider a fixed-mobile underwater acoustic network with
fixed monitoring nodes S = {s1,..., sy} and mobile nodes
A ={ay,...,apr}. Fixed nodes generate sensing packets and
send compact requests (REQ) messages when they have pend-
ing traffic. Mobile nodes patrol the area, collect requests from
reachable fixed nodes, broadcast dynamic MAP schedules,
receive data, and return ACK-type feedback. One scheduling
cycle therefore contains request collection, multimodal predic-
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Fig. 1. Fixed-mobile underwater acoustic network with REQ, MAP, DATA,
ACK, synchronization, and environmental-observation flows.

tion, MAP construction, scheduled data transmission, feedback
collection, and optional adaptation.

Fig. 1 shows the considered fixed-mobile model. Fixed
nodes send requests and data to nearby mobile collectors,
while mobile nodes return MAP and ACK feedback, synchro-
nize regional schedules, and use environmental observations as
cross-layer context. The figure emphasizes that connectivity is
opportunistic: a fixed node is schedulable only while a mobile
node remains within a usable acoustic contact window.

In this model, fixed nodes are energy-constrained and re-
main mostly silent unless sensing data are pending. Mobile
nodes have stronger sensing, storage, and scheduling capabili-
ties, and therefore act as local coordinators during their contact
periods. The proposed protocol does not require a permanently
connected sink or a global time-slot table. Instead, each mobile
node constructs short-validity MAPs from the requests and
channel observations available in its local service region. This
design is suitable for sparse underwater deployments where
long propagation delay and intermittent contact make frequent
centralized coordination costly.

For link (s;,a;) at time ¢, the distance is d;;(t) and the
sound speed is c. The one-way propagation delay is

i (t)

73 (t) = 1
In the simulations, c¢ is fixed to the nominal value 1500 m/s.
In practical deployments, sound speed varies with environ-
mental conditions, so an estimation error in ¢ introduces a
corresponding error in 7;;(t). For a small perturbation Ac, the
relative delay error is approximately A7/7 ~ —Ac/c. The
present scheduler therefore retains a guard-time margin and
feedback-based delay telemetry, while explicit online sound-
speed estimation is outside the scope of this evaluation.

A flow is schedulable only when the link margin is suf-
ficient and the residual contact window T;(f) can cover
data transmission, guard time, and feedback. The acoustic
attenuation, environmental noise, sea state, and relative motion
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are abstracted into features such as link gain, signal-to-noise
ratio (SNR) margin, propagation delay, and delay spread. Al-
though delay spread is fundamentally a physical-layer channel
characteristic, it is used here only as a cross-layer indicator
of multipath severity and potential delivery uncertainty, rather
than as a physical-layer control variable. These features are
observable by mobile nodes or estimated from recent feedback.
This feedback-based model follows recent underwater link-
adaptation studies [20].
The cross-layer observation at time ¢ is

Xt = [Ct, €¢, th 2

where c; contains the received signal strength indicator
(RSSI), SNR, and root-mean-square (RMS) delay spread; e;
contains sea state, environmental noise, wind speed, water
temperature, salinity, depth, propagation delay, link gain, and
relative velocity; and m; contains queue length, retransmission
count, recent success rate, collision rate, timeout rate, ACK
round-trip-time (RTT) exponentially weighted moving average
(EWMA), and queue-delay EWMA.

For a mobile node a; in scheduling round r, let ; ;. be the
candidate flow set. Each flow includes priority, data length,
queue length, retransmission history, predicted availability, and
contact-window information. The scheduling objective is to
assign feasible non-overlapping intervals and access hints that
increase expected delivery and service fairness while bounding
delay, energy cost, repeated scheduling, and control overhead.

The design follows three constraints. First, the acoustic
control channel is expensive; therefore, one MAP should
authorize several transmissions whenever possible instead of
requiring per-packet handshakes. Second, prediction uncer-
tainty must not directly create unsafe transmissions. A high
predicted access probability only raises the scheduling score,
while contact-window feasibility and MAP expiration remain
hard constraints. Third, adaptation must be event-triggered.
Continuous online learning would consume samples, energy,
and time under stable sea states; thus, few-shot updates are
invoked only when the feedback stream indicates a distribution
shift.

A complete protocol cycle proceeds as follows. First, fixed
nodes with pending packets transmit compact REQ messages
containing flow identity, queue status, data length, and retry in-
formation. Second, the mobile node aggregates recent channel
state information (CSI), environmental observations, and MAC
telemetry into a temporal feature window and invokes the TCN
predictor to obtain access priors for upcoming slots. Third,
infeasible flows are removed according to contact-window and
MAP-expiration constraints, while the remaining flows are
ranked and inserted into the MAP. Fourth, fixed nodes transmit
data only within their assigned MAP intervals and wait for
ACK-type feedback. Finally, collected feedback updates MAC
telemetry; when a persistent change is detected, it can refine
the parameter hints used in a later MAP cycle.

The modules exchange compact information but do not
override each other. The TCN output is used only as a
soft scheduling prior. MAP timing, contact-window feasibility,

TABLE I

MAIN MESSAGE FIELDS IN ONE MAP CYCLE.

Message  Main fields Role

REQ Flow ID, queue length, pri-  Expose traffic demand and
ority, data bits, retry count, local state.
node position

MAP txStart, txDuration, expire-  Assign a short-validity ac-
Time, powerHint, cwHint, cess contract.
burst ID

Feedback  ACK, timeout, collision, Update telemetry and
power fail, RTT, queue bounded adjustment
delay, margins samples.

expiration, and non-overlap constraints remain hard MAC-
layer rules. The feedback-triggered adjustment only refines the
power ratio and contention window used inside an assigned
MAP interval; it cannot extend the scheduled duration, bypass
expiration, or authorize an unscheduled transmission.

1II. MAMA-MAC PROTOCOL
A. Multimodal Slot Prediction

The predictor takes an observation window X;_r ., and
estimates future channel states and slot availability. A causal,
dilated TCN enlarges the temporal receptive field without
recurrent state, allowing it to capture longer-term channel
variation with limited online computation. Before inference,
CSI, environmental observations, and MAC telemetry are
aligned in the same temporal window. The auxiliary channel-
state head predicts RSSI, SNR, and RMS delay spread, while
the slot head produces the prior p;,j for a future access
opportunity.

For training, a sample is labeled available only when its
SNR margin, contact time, and collision-risk proxy satisfy
the preset MAC-feasibility thresholds. The loss combines
slot-classification and channel-regression terms. The resulting
availability prior is used to rank otherwise feasible flows;
it never directly authorizes a transmission. The predictor
therefore produces a MAC prior rather than a final decision.
Hard constraints remain with the scheduler.

The TCN is trained offline and kept fixed during each
online run. It provides a MAC prior, while hard constraints are
enforced by the scheduler and feedback-triggered adjustment
is handled by the lightweight access controller.

B. Mobile-Node-Driven MAP Scheduling

In this paper, MAP denotes Medium Access Plan, i.e., a
MAC-layer access schedule broadcast by the mobile node,
rather than maximum a posteriori estimation.

During the request collection window, each candidate flow
is represented by its source node, selected mobile receiver,
data length, queue state, priority, creation time, retry count,
and recent scheduling status. After scoring and feasibility
filtering, the mobile node writes the selected entries into the
MAP. A fixed node transmits only when its flow identifier
matches a valid MAP entry and the current time is within the
assigned interval before expiration. The fields txStart and
txDuration define the access window, while powerHint
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and cwHint provide preferred access parameters for the
scheduled transmission.

After collecting requests, a mobile node scores each can-
didate flow f by combining traffic demand, prediction confi-
dence, urgency, fairness, and access cost:

S(f) =wpP(f) +wpp(f) + weQ(f) + wala(f)
+ W, Uy (f) + weUc(f) + wr R(f) +wsF(f) (3)
- wlL(f) - w’r'PHf(f) - wspns(f)
Here P(f) is traffic priority, p(f) is the predicted slot-
availability prior, Q(f) is queue length, Uy(f), Uy(f), and
U.(f) denote delay, waiting-time, and contact-window ur-
gency, R(f) is retransmission urgency, F'(f) is fairness com-
pensation, and IT;(f) and II,(f) are flow-level and node-level
repeated-scheduling penalties. The fairness and cost terms
follow recent underwater MAC studies that jointly consider
reliability, delay, energy, and fairness [21], [22]. The normal-
ized transmission cost is

T ata T uar
p(f) = Tooral)* Tira, @
frame
A candidate is retained only if

Tc(f) Z Tdata(f) + Tguard~ (5)

The final MAP entry must also leave enough time for data
transmission, ACK feedback, two-way propagation, guard
time, contact validity, and MAP expiration:

ts(f) + Tdata(f) + TACK + 2T(f) + Tguard
S min{tcontact(f)a tcxp(f)}'

This condition means that the data leg, ACK leg, propagation
delay, guard time, contact deadline, and MAP expiration are
jointly feasible. Assigned MAP entries are non-overlapping.
This delay-aware constraint is consistent with recent learning-
based underwater MAC designs [23]. With

te(f) = ts(f) + Tdata(f) + Tguarda (7)

the scheduler enforces

[ts(fl)ate(fz))m[ts(fj)ate(fj)):Q)a sz#f] (8)

Burst scheduling is enabled only when the first flow from
the same source has sufficient delivery confidence. If recent
failures, low link confidence, or short residual contact time are
observed, the burst length is limited to avoid wasting the con-
tact window. The scheduler also applies repeated-scheduling
penalties at both the flow level and the node level. The former
suppresses repeated insertion of the same unfinished flow into
consecutive MAPs, while the latter prevents one temporarily
favorable node from occupying multiple scheduling cycles.
High-priority flows may receive a cooldown exemption, but
they are still constrained by contact-window, expiration, and
non-overlap rules.

This priority rule lets waiting and retransmission urgency
lift moderate-prior flows when the contact window is safe,
while rejecting high-prior flows that violate MAP boundaries
or fairness penalties.

(6)

C. Feedback-Triggered Lightweight Access Adjustment

When sea state changes, static access parameters may
become invalid. The access action is

a=(p,CW), ©)

where p is the transmission power ratio and CW is the
contention window. The finite access-action space is

Ay = {pr,-...pp} x {CW,...,CWe).

The policy uses a compact cross-layer feature vector including
link margin, delay spread, propagation delay, queue length,
retry count, recent success rate, collision rate, timeout rate, and
energy budget when available, and outputs action probabilities
as

(10)

mo(a | 0,m) = softmax(gg(0, m)). (11)
The reward balances success, energy, delay, and failure:
R= Hsuccess - >\eE - AaiZ) - )‘f(I) (12)

Here, meta-adaptive refers to few-shot adjustment from an
initialization learned across sea-state tasks during offline meta-
training; it does not claim a new meta-learning algorithm. The
Page—Hinkley detector only determines when adjustment is
activated, whereas Reptile-lite provides the adaptation-oriented
initialization. Offline Reptile-lite training follows a first-order
initialization-based strategy [24]. Across multiple sea-state
tasks, the method moves the shared initialization toward task-
adjusted parameters:

0 0+ B(6; —0). (13)

Page-Hinkley is a lightweight sequential change-detection
method that accumulates persistent deviations of an observed
statistic from its running reference level. Online, we use the
Page—Hinkley statistic only as a gate for online adaptation by
monitoring a score built from recent success rate, ACK RTT,
queue delay, power margin, and SNR margin:

PHt :maX(O,PHt_1+Zt*Et *5) (14)

The scalar score z; is obtained by normalizing and linearly
combining recent success, delay, power-margin, and SNR-
margin indicators. When PH; > n, the controller collects
K support samples D, = {(0;, m;,a;,r;)}X,, updates a
policy bias or lightweight head, and commits the adjusted p
and CW to later MAP cycles. This lightweight adjustment
is motivated by recent meta-learning-based underwater link
adaptation [25]. When power-insufficient feedback dominates
the support set, the controller increases the preference for
higher-power actions. When collision feedback dominates, it
increases the preference for larger contention windows. If
high-power actions do not improve recent rewards, further
power increase is capped to avoid unnecessary energy cost.
The detector follows four states: warm-up, monitor,
cooldown, and stabilizing. Warm-up estimates the baseline,
monitor accumulates deviation, cooldown avoids repeated trig-
gers from the same disturbance, and stabilizing waits for the
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TABLE II
COMPACT EVALUATION SETTINGS

Item

CSI dataset
CSI split/window

Setting

Watermark benchmark, NCS1 channel [26]
Trace-level 80/20 split, 50-step window

Simulator OMNeT++
Area/sound speed 3000m x 3000 m, 1500 m/s
Acoustic data rate 2000 bps

Mobile resources
Communication range
Control packet size
Experiment duration
Repeated seeds
Baselines/variants

5 AUVs, fixed sensors N = 10-40

1200 m for AUVs, 800 m for sensors
REQ/ACK 128 bits; MAP 128 + 224 bits/entry
MAC 1000 s; ablation 600 s

5 seeds for MAC and ablation runs
QueueContact, SlottedFAMA, StaticTDMA;
Full variants

Training and Test Loss Curves

=—— Train Loss
—— Test Loss

MSE Loss

0.40

0 10 20 30 40 50 60 70 80
Epoch

Fig. 2. Training and test loss curves of the TCN-based CSI predictor.

drift score and recent success rate to settle. Only confirmed
triggers open the few-shot update path; the committed action
preference is then applied in later MAP cycles.

ACK, timeout, collision, and power-fail outcomes update
EWMA telemetry, including recent success, RTT, queue delay,
and link margins. The updated telemetry is reused by the next
prediction, MAP scheduling, and adaptation cycle, forming the
closed cross-layer feedback loop.

The adjustment path is intentionally separated from MAP
construction. The detector may request an update only after
persistent feedback deviation, and the update changes the
preference among a small, preconfigured set of power-ratio
and contention-window actions. It cannot create a new entry,
lengthen an assigned interval, or change an entry’s expiration
time. Therefore, a delayed or inaccurate drift trigger can affect
the efficiency of later access attempts, but it cannot invalidate
the contact-window and non-overlap guarantees enforced by
the scheduler.

D. Complexity and Overhead

If a mobile node receives F' candidate requests and can
assign at most K slots, scoring is O(F') and score sorting
is O(F'log F'). MAP construction is therefore approximately
O(Flog F + K;). TCN inference is bounded by the input
length, channels, and convolutional layers, while online adap-
tation is event-triggered and uses a small support set. If each

MAP entry requires B, bits and the MAP header requires By
bits, the MAP overhead is

BMAP :BO+KsBe- (15)

The total control overhead in one scheduling cycle can be
summarized as

Bt = NreqQBrEQ + BMmaP + Nack Back + Bsyne. (16)

Because one MAP can authorize multiple DATA transmissions
and short bursts, the amortized control cost per delivered
packet decreases when more MAP entries are successfully
used.

1V. EVALUATION

The evaluation focuses on three complementary aspects:
CSI-based prediction and availability proxy, high-density
MAC baseline comparison, and closed-loop ablation under
sea-state shifts. The public CSI dataset validates channel-
state prediction and a CSI-derived availability proxy, while the
complete MAP scheduling constraints and feedback-triggered
adjustment are evaluated in OMNeT++ simulations.

A. Experimental Settings

The CSI prediction experiment uses the public Watermark
benchmark’s NCS1 channel [26], which replays time-varying
impulse responses measured on the Norwegian continental
shelf. We derive RSSI, SNR, and RMS delay spread from the
channel traces, use a trace-level 80/20 train/test split, and apply
a five-layer TCN with a 50-step window to predict next-step
channel indicators. Watermark does not provide synchronized
environmental or MAC telemetry; these auxiliary features are
supplied by the scenario and feedback models only in the
OMNeT++ system experiments.

The MAC and feedback-adjustment experiments are im-
plemented in OMNeT++. The high-density MAC comparison
fixes the mobile resources to five AUVs and increases the
number of fixed sensors from 10 to 40. The MAC baselines are
QueueContact, SlottedFAMA, and StaticTDMA. The
closed-loop ablation compares Full, NoPrediction, NoMeta,
and NoDriftDetector under two sea-state shift scenarios. Un-
less otherwise stated, results for the MAC comparison and
closed-loop ablation are averaged over five repeated seeds.
The main metrics are success rate, throughput, delay, fairness,
energy per delivered bit, post-shift success, and adaptation
timing.

All MAC methods use the same deployment area, acoustic
data rate, control-packet sizes, sensor density, and mobile-node
budget listed in Table II. The comparison therefore isolates
the access and scheduling decisions rather than increasing the
resources available to the proposed method. The Watermark
traces are used only for the CSI-prediction component and
its availability proxy; the MAC results are generated by the
trace-driven OMNeT++ scenarios, where contact windows,
queued requests, collisions, and feedback can be controlled
consistently across methods.
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RSSI
R? = 0.8253, RMSE = 0.4146

R? = 0.6563, RMSE = 0.5889

RMS_Delay_Spread
R? = 0.5745, RMSE = 0.6448

= = Perfect Prediction . 44 == Perfect Prediction

Predicted RSSI
Predicted SNR
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4 4 == Perfect Prediction

y_Spread
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True RMS_Delay_Spread

Fig. 3. Predicted and true values of RSSI, SNR, and RMS delay spread.
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Fig. 4. High-density MAC baseline comparison with fixed mobile resources.

For the ablation, Full uses all three components: the TCN
prior, the drift gate, and the bounded few-shot adjustment. No-
Prediction removes the prior from the scheduling score while
retaining feasibility checks; NoMeta disables the feedback-
triggered parameter update; and NoDriftDetector retains the
update path but removes the persistent-change gate. These
variants share the same traffic generation, MAP validity rules,
and shift traces, so their differences are attributable to the
removed component rather than to a changed network con-
figuration.

B. CSI Prediction and Availability Proxy

Fig. 2 shows stable learning behavior: the training loss
decreases from about 0.63 to about 0.25, while the test loss de-
creases from about 0.57 to about 0.31 and flattens after roughly
40 epochs. Fig. 3 compares predicted and true CSI values.
RSSI is the most learnable target, with R? = 0.8253 and
RMSE = 0.4146. SNR and RMS delay spread obtain lower
but useful accuracy, with R? = 0.6563 and R? = 0.5745,
respectively.

The CSI-derived availability proxy evaluates whether the
predictor provides a useful scheduling prior. A test sample is
labeled available when the measured CSI satisfies SNR > 4
dB, RSSI > —2 dB, and RMSDelay < 55. The resulting
proxy classifier reaches F1 = 0.7764 and AUC = 0.9031 on
24,720 test sequences. This proxy does not claim to fully
determine MAC slot availability. In the complete protocol,
the OMNeT++ scheduler further combines the prediction

TABLE III
N = 40 OVERLOAD SUMMARY UNDER FIXED FIVE-AUV RESOURCES.
Method Succ. Fair. E/bit (J/bit)  Sensor cov.
Proposed 0.0320  0.3930 0.0035 0.5450
QueueContact  0.0145  0.1646 0.0097 0.2700
SlottedFAMA  0.0066  0.1307 0.0165 0.1900
StaticTDMA 0.0049 0.1118 0.0198 0.1500

prior with contact-window feasibility, collision-risk estimation,
guard time, queue state, and feedback telemetry before admit-
ting a flow into a MAP entry.

C. High-Density MAC Baseline Comparison

The high-density MAC experiment fixes the mobile re-
sources to five AUVs and increases the fixed-sensor density
from N = 10 to N = 40. This creates an overload stress
setting in which more request flows compete for the same
mobile service opportunities. Therefore, the results should be
interpreted as relative robustness under overload rather than
nominal deployment performance.

Fig. 4 compares the proposed scheduler with QueueCon-
tact, SlottedFAMA, and StaticTDMA. Under the fixed-5-AUV
overload setting, all methods experience low absolute success
rates as the sensor density increases, while the proposed
scheduler maintains stronger relative robustness in success
rate, fairness, and energy per delivered bit.

Fig. 4 shows the density trend, while Table III reports
the exact V = 40 overload endpoint and adds sensor-level
coverage. The endpoint confirms that MAP-based admission
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TABLE IV
CLOSED-LOOP ABLATION SUMMARY UNDER TWO SHIFT SCENARIOS.

Scenario Variant SuccessRate ~ Throughput  Fairness  Energy/bit  Post-shift Success  Recovery Indicator ~ Adapt Commit
AbruptShift  Full 0.1012 268.80 0.5184 0.0031 0.0458 28.2 23
AbruptShift ~ NoPrediction 0.0935 249.67 0.5015 0.0034 0.0400 28.2 23
AbruptShift ~ NoMeta 0.0341 90.76 0.3624 0.0071 0.0000 40.0 N/A
AbruptShift ~ NoDriftDetector 0.0735 212.70 0.4786 0.0040 0.0325 15.0 31
LateHarsh Full 0.1012 297.95 0.5070 0.0029 0.0211 25.6 34
LateHarsh NoPrediction 0.1029 290.16 0.4946 0.0033 0.0244 25.2 34
LateHarsh NoMeta 0.0606 179.25 0.4675 0.0040 0.0000 30.0 N/A
LateHarsh NoDriftDetector 0.0924 270.29 0.5480 0.0030 0.0133 30.0 41

improves both packet-level delivery and node-level service
coverage by filtering candidate flows before channel access.

At the N = 40 endpoint, the proposed method attains a
success rate of 0.0320, compared with 0.0145 for the strongest
listed baseline, QueueContact. It also raises fairness from
0.1646 to 0.3930, reduces energy per delivered bit from 0.0097
to 0.0035 J/bit, and increases sensor coverage from 0.2700
to 0.5450. These absolute success rates remain low because
the setting deliberately overloads five mobile collectors; the
useful comparison is that feasibility filtering and short-validity
MAP admission preserve service for more sensors without
increasing the available mobile resources.

D. Closed-Loop Ablation under Sea-State Shifts

To verify the full-system claim, we ablate prediction, meta
adaptation, and drift detection on the same trace-driven sim-
ulator. The formal matrix contains four variants, two shift
scenarios, and five repeated seeds, yielding 40 runs.

Table IV shows that the full closed loop provides the most
stable trade-off among throughput, energy efficiency, post-shift
behavior, and adaptation timing. Removing meta adaptation is
the dominant failure mode: post-shift success becomes zero
in both scenarios and the adaptation commit is unavailable.
Removing drift detection preserves some traffic delivery before
the controller reacts, but adaptation is delayed to sample 31
in AbruptShift and sample 41 in LateHarsh, compared with
samples 23 and 34 for Full. Removing prediction weakens the
scheduling prior and reduces throughput in AbruptShift. These
results show that the gain is not produced by a single isolated
module; CSI prediction, drift detection, and few-shot access
adaptation need to be connected through feedback.

V. CONCLUSION

This paper presented MAMA-MAC, a multimodal-aware
and meta-adaptive cross-layer medium access control (MAC)
protocol for fixed-mobile underwater acoustic networks. The
protocol fuses channel, environmental, and MAC telemetry
features to predict access opportunities and lets mobile nodes
generate dynamic Medium Access Plan (MAP) schedules
under contact-window, expiration, retransmission, and fairness
constraints. A feedback-triggered lightweight adjustment re-
fines power and contention-window hints after persistent sea-
state changes, while all transmission decisions remain bounded
by the MAP schedule. The simulation results show that

multimodal prediction provides useful scheduling priors, while
dynamic MAP scheduling improves delivery performance,
fairness, and energy efficiency under fixed-mobile-resource
overload settings. The ablation results further show the value
of the feedback path in the tested shift scenarios.

Extending the framework to mobile sensing nodes will
require more frequent updates of contact windows, relative-
motion estimates, and MAP-expiration information. Higher
mobility may shorten MAP validity and increase scheduling
overhead. Evaluating these effects, together with richer mo-
bility traces, heavier traffic loads, real sea-trial channels, and
stricter low-power deployment constraints, remains important
future work.
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