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Abstract—AlI-native radio access networks (AI-RAN) move
learning toward wireless edge nodes and user equipments (UEs)
for tasks such as beam management. Distributed distillation al-
lows heterogeneous devices to exchange soft decisions on a shared
reference set instead of raw radio data or full model weights.
Existing methods, however, often assume all-to-all connectivity
and do not address multi-hop sidelink dissemination under air-
time budgets. We propose topology-aware multi-hop distributed
distillation (TADD), which constructs a budget-induced commu-
nication graph from delay-shortest-path reachability, evaluates
mixing using the second-largest eigenvalue magnitude (SLEM),
and selects an effective budget 7 through a spectral-elbow rule.
Experiments on four representative topologies and a DeepMIMO
beam prediction task show that TADD improves airtime-to-
accuracy efficiency in bottlenecked and hierarchical networks,
reducing the cumulative airtime budget by 46-78% relative to
full collection. In dense or well-mixed graphs, simpler policies
remain competitive, indicating that topology-aware budget ex-
pansion is most useful under nontrivial dissemination constraints.

Index Terms—AI-RAN, 6G Sidelink, Integrated Access
and Backhaul, Distributed Distillation, Knowledge Distillation,
Topology-Aware Dissemination

I. INTRODUCTION

Al-native radio access networks (AI-RAN) aim to embed
intelligence directly into the RAN, enabling adaptation at the
wireless edge. In this paradigm, user equipments (UEs) learn
from local radio observations such as channel state informa-
tion (CSI), beam training feedback, and link quality indicators.
One 6G application is mmWave or FR2 beam management,
where each UE maintains a lightweight beam predictor that
must adapt to mobility, blockage, and environmental changes.
In such scenarios, training data are naturally decentralized,
privacy-sensitive, and non-i.i.d. across devices.

Unlike centralized or cloud-RAN learning, this setting
involves heterogeneous edge nodes, including UEs, O-DUs,
and near-RT RICs. Sharing raw CSI or sensor data is often
infeasible, while exchanging full model weights can be costly
and unreliable when model architectures differ. Distributed
knowledge distillation addresses these issues by exchanging
soft decisions, i.e., logits or class probabilities evaluated on a
shared unlabeled reference set [1]-[3]. Compared with model
averaging, distillation only requires agreement on the output
space and reference set, making it suitable for heterogeneous
AI-RAN devices while reducing communication overhead.

In this work, we instantiate AI-RAN distributed distillation
in a UE-to-UE sidelink setting. Each UE trains a local beam
predictor from its own radio observations and exchanges soft
decisions with other UEs through topology-constrained wire-
less links, as shown in Fig. 1. Nearby and delay-reachable UEs
can observe complementary channel, blockage, and beam-
state patterns, while relying only on local samples can bias
each UE toward a narrow spatial region. This setting exposes
the communication bottleneck that standard distillation formu-
lations often abstract away.
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Fig. 1: UE-to-UE soft-decision distillation in AI-RAN.

Practical UE-to-UE learning faces partial and directed con-
nectivity. Message delivery may require multi-hop forwarding,
while each training round receives a limited sidelink airtime
budget from the scheduler. This budget defines the com-
munication window available for dissemination. Only peers
whose shortest-path delay fits within the allocated window
can contribute during that round. The dissemination policy
therefore becomes a bottleneck because it determines how
quickly knowledge propagates across devices.

The set of physical one-hop neighbors is not always the
most effective exchange set. A UE can reach peers beyond
its immediate neighborhood through delay-efficient multi-
hop paths within the allocated airtime budget. In contrast,
one-hop exchange can remain too local, while full-network
collection requires a much larger budget. This creates a
need for topology-aware distillation protocols that account
for both network structure and communication cost. Existing
decentralized distillation schemes, such as co-distillation and
one-hop peer exchange, often assume all-to-all connectivity
or idealized mixing conditions, including symmetric graphs
and doubly stochastic matrices [2], [4]. Airtime-constrained
multi-hop sidelink dissemination remains less explored.
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We model each training round as airtime-constrained dis-
semination over a delay-sensitive sidelink graph. We introduce
topology-aware multi-hop distributed distillation (TADD),
which characterizes soft-decision mixing through the second-
largest eigenvalue magnitude (SLEM), estimates shortest-path
delays through decentralized probing, and selects an airtime
budget T* using a reproducible spectral-elbow rule. The rule
identifies where further budget expansion yields diminishing
gains, enabling multi-hop dissemination without reserving the
full-collection window. Our main contributions are as follows:

o We formalize distributed distillation under a per-round
airtime budget over directed UE-to-UE graphs and relate
mixing speed to the spectrum of the induced communi-
cation matrix.

o We design a decentralized probing and budget-selection
protocol that constructs the communication graph from
shortest-path reachability and selects an effective dissem-
ination budget.

o« We evaluate TADD on representative topologies and
a DeepMIMO beam prediction task, demonstrating
improved airtime-to-accuracy efficiency in constrained
graphs and competitive performance in dense graphs.

The remainder of the paper is organized as follows. Sec-
tion III introduces the system model and learning objective.
Section IV presents the exchange protocol and budget selec-
tion method. Section V reports the network mixing and beam
prediction results. Section VI concludes the paper.

II. RELATED WORK

Distributed distillation extends knowledge transfer and co-
regularization [5], [6] to decentralized learning. A repre-
sentative method is co-distillation [4], where each device
acts as a student and uses the average logits from other
devices as a teacher. Devices exchange soft outputs, such
as logits or probability vectors, on a shared reference set,
enabling knowledge transfer without synchronizing full model
parameters. To avoid sharing private inputs, Jeong et al. [1]
proposed a GAN-based method to synthesize aligned samples.
FedMD and related methods [2] further showed that a com-
mon unlabeled reference set supports communication-efficient
learning across heterogeneous models. These studies provide
the foundation for soft-decision exchange, while our work
focuses on delivering such messages over partial, multi-hop,
and airtime-limited wireless links.

Network topology is an important factor in decentralized
learning. One-hop distillation [2] shows that repeated ex-
changes with neighbors can approximate global soft-decision
averaging under suitable mixing conditions. In wireless
sidelink networks, however, a device can reach peers through
delay-efficient multi-hop paths, while one-hop exchange may
keep information within local neighborhoods for many rounds.
We therefore study not only physical neighbors, but also
devices reachable within a communication-time budget.

Recent RAN studies have used distillation for multi-tenant
RAN slicing [7], digital-twin-enabled 5G network-slicing
resource trading [8], O-RAN xApp conflict mitigation [9],

reinforcement-learning-based RAN link adaptation [10], and
AI-RAN/MEC learning under non-IID data [11]. These studies
establish distillation as a useful tool for wireless and RAN
intelligence, including policy sharing, model compression,
xApp coordination, and edge-assisted learning. Prior wireless
learning studies also optimize model update aggregation over
the air [12]. In contrast, TADD studies multi-hop UE-to-UE
soft-decision dissemination among heterogeneous models over
a topology-constrained sidelink graph under an airtime budget.
From the communication perspective, classical gossip and
distributed aggregation show that topology governs infor-
mation mixing. Uniform gossip is often analyzed through
Markov-chain spectra [13], while decentralized SGD studies
show how communication patterns affect learning [14]. TADD
applies this graph-mixing view to distributed distillation,
where the exchanged objects are task-level soft decisions on a
shared reference set rather than scalar states or model updates.
Overall, TADD is a communication-layer method for dis-
tributed distillation in AI-RAN, rather than a new distillation
method. It focuses on topology-aware multi-hop UE-to-UE
soft-decision dissemination under an airtime budget. TADD
constructs a budget-induced communication graph, uses the
SLEM of the receiver-normalized aggregation matrix to char-
acterize mixing, and selects an exchange budget that balances
dissemination quality and communication cost.

III. PROBLEM FORMULATION AND MODELS

This section formalizes topology-constrained distributed
distillation over airtime-weighted UE sidelinks, then defines
the learning objective and induced aggregation graph.

A. Distributed Distillation Formulation

We consider a K-class classification task. Each device n €
[N] learns a private model with parameters §™ € R?", where
p™ may vary across devices. Given input x € X, the model
outputs a soft decision s, (6™, z) : R”" x X — AK. When
the device index is clear, we write s(6™,x). Each device n
has a private labeled dataset D,, = {(&7,y (&)}, where
y(Z7) € AKX is one-hot. All devices also share an unlabeled
reference set D, = {:L’J}Q_l for distillation.

Goal of distributed distillation. The goal is to learn
6',...,0N that minimize expected loss under the unknown
global distribution P:

N
min ]Ezywp[z (0", )}, (1)

where L(-,-) : AK x AK — R is a loss function. Since P is
unknown locally, each device trains on D,, and aligns its soft
decisions on D, with other devices. The local and network-
wide distillation losses are
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With o > 0, the standard training objective is

N
min > (£a(6") + @ Law(60™)) @)
n=1

This objective is used in [3], [4] when each device accesses
the network-wide average soft decision per round.

B. Formulation of Soft-Decision Exchange

The objective in eq. (4) assumes access to the network-wide
average soft decision each round, which is unrealistic under
partial connectivity, multi-hop relaying, and airtime limits. We
therefore use a network graph to model links and per-hop
costs, and a communication graph to represent soft decisions
delivered and aggregated within each round.

Definition 1 (Network graph). Let G = (V,E,W) be a
strongly connected directed graph with V = [N]. For each
edge (m,n) € &, wp,, > 0 denotes the per-hop airtime
cost of delivering one compressed soft-decision message from
device m to device n. If (m,n) ¢ &, the edge is unavailable
and its shortest-path cost is oo.

The airtime weight can be instantiated as

_ Bga
Wm,n = R + Tm.,n,
m,n

Byg = QuKb, @)

where R, , is the sidelink rate, 7,,, captures per-hop
scheduling or relay overhead, and Bgq is the payload for Q)
samples, K classes, and b quantization bits per soft value. We
use normalized airtime weights in the experiments, while eq.
(5) maps message size and link rate to the per-hop cost. Each
dissemination round receives a sidelink resource window of
length T'. A source contributes to a receiver if its shortest-path
cost fits within this window. Thus, T is the reserved per-round
airtime budget, not the sum of individual relay transmission
times. Detailed NR sidelink scheduling, spatial reuse, packet
loss, and retransmission are outside the present scope.

Definition 2 (Communication graph). Let G' = (V,&', W)
be a directed graph on V = [N]. Device m contributes its
soft decision to device n iff (m,n) € &'. The aggregation
matrix W' = {wy, , > 0} is column stochastic, namely

Z’l’]?\'[],:l w;n,n = lfO}’ all n, and w;n,n >0 Only lf(mv TL) € &

Compared with [2], we only require W’ to be column
stochastic, matching UE-to-UE aggregation where each re-
ceiver normalizes over the soft decisions it receives. The
resulting topology-constrained training objective is

N
min 3 (La(07) + a0 3 [12"() - (0", 2)]),

z€D,.
N
2" (x) = Z s(0™, x)w), . (6)
m=1

IV. TOPOLOGY-AWARE SOFT-DECISION EXCHANGE

Distributed distillation often assumes access to the network-
wide average soft decision in every round, which is unrealistic

over 6G UE-to-UE sidelinks with partial connectivity, multi-
hop dissemination, and limited airtime. We therefore design a
topology-aware scheme that selects the communication budget
using a spectral mixing metric of the aggregation matrix W’.

A. Communication Graph Under a Budget

We use the physical graph G = (V, &, W) from Section III,
where w,, ,, is the per-hop airtime cost for UE m to deliver
one soft-decision message to UE n. In each round, UEs
disseminate soft decisions within an allocated airtime budget
T. Multi-hop forwarding uses duplicate suppression, so 7~ acts
as a delay-based TTL that bounds propagation.

We interpret 7 as the duration of the sidelink communica-
tion window allocated to one dissemination round. Reachabil-
ity is determined by whether a message’s shortest-path delay
fits within this window. Thus, r7 measures the cumulative
airtime budget reserved over r rounds, rather than the sum
of individual relay transmission times. Detailed NR sidelink
scheduling, spatial reuse, packet loss, and retransmission are
outside the present scope.

Physical neighbor vs. time-bounded peer. A physical neigh-
bor is a one-hop neighbor in G. A time-bounded peer under
budget 7 is any UE reachable through a multi-hop path whose
shortest-path delay is at most 7. TADD targets time-bounded
peers rather than only physical neighbors.

Delay shortest-path reachability. For any ordered pair
(m,n), let d, ,, denote the delay shortest-path distance from
m to n. Given 7, UE m is reachable to UE n if d, ,, < 7.
We construct the induced communication graph G'(7) =
V,E(T),W'(T)) by adding a directed edge (m,n) € E'(T)
for each reachable pair, including the lazy self-edge (n,n).
Increasing 7 expands multi-hop reachability and densifies
G'(T). Given G'(T), each UE aggregates received soft
decisions using a column-stochastic matrix W'(7) as in
Definition 2. We use uniform receiver-normalized averaging:

1 )
W’rlnvn(T) = { IN=(n;T)]? (m,n) c 5 (7-), (7)

0, otherwise,

where N~ (n;T) = {m : (m,n) € £ (T)} includes the
receiver itself as a lazy self-edge. This indexing matches
eq. (6): column n contains the weights used by receiver n.
The idealized network-wide objective in eq. (3) excludes self-
logits, while the implemented topology-constrained exchange
uses self-inclusive aggregation for stability and primitivity.

Collect 1-Hop and Collect All correspond to small and
saturating budgets respectively; TADD selects an intermediate
T* via the spectral-elbow rule.

B. Mixing Metric and Spectral Characterization

To isolate dissemination, we analyze the diffusion of
communicated soft decisions on the reference set. Fix any
2 € D, and stack node soft decisions as columns, Z;(z) =
[21(x),...,zY (z)]. The mixing-only update is

Zt+1(l‘) = Zt(x) W/, (8)



where W is the column-stochastic aggregation matrix induced
by a chosen exchange strategy. For directed W', we use
[A2(W’)| to denote the second-largest eigenvalue magnitude
(SLEM), which measures how quickly disagreement decays
after the dominant consensus mode is removed.

Proposition 1 (Consensus and Mixing Rate). Assume W' is
primitive and column stochastic. Then W't — 71T where 7
is the stationary right eigenvector satisfying W'm = m and
177 = 1. Hence the update in eq. (8) reaches consensus,
Zi(x) = Zo(x)n 1T, and the disagreement component decays
geometrically at a rate governed by | o(W')|.

Proof sketch. Primitivity and column stochasticity imply, by
Perron—Frobenius theory, a unique unit-modulus eigenvalue
at 1 and all other eigenvalues strictly inside the unit circle.
Therefore W'* converges to 717, and all disagreement modes
decay geometrically with dominant rate |A2(WW')|. Primitivity
is supported by the self-inclusive lazy aggregation used in the
implemented exchange.

Proposition 1 motivates using |A2(W/(7T))| as a topology-

aware mixing metric for selecting the dissemination budget.
Since W’ is column stochastic but not necessarily doubly
stochastic, the limiting consensus is weighted by the stationary
vector 7 rather than being the exact arithmetic average. This is
acceptable for TADD because the objective is topology-aware
soft-decision dissemination under airtime constraints. If exact
uniform averaging is required, the aggregation layer can be
replaced by push-sum or a doubly stochastic weighting rule
when graph conditions permit.
Budget-selection heuristic. While the SLEM is not an in-
stantaneous disagreement magnitude measure, for the linear
mixing process induced by W' (7), it characterizes the asymp-
totic rate at which disagreement modes decay after removing
the consensus component. This motivates us to use SLEM
as a topology-aware proxy for soft-decision mixing quality,
e.g., by selecting 7™ using the empirical spectral elbow of
the observed SLEM curve.
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Fig. 2: Spectral-elbow budget selection. The SLEM curve and
derivative show the transition to diminishing returns.

Budget rule. TADD sweeps budgets 7; € [0,1.05T,y], con-
structs W’ (T;), and records p; = |A2(W'(T;))| with average
collected-set size a;. It compresses the curve by a;, filters out
the disconnected regime with p; ~ 1, smooths the SLEM-
versus-a; curve, and selects the first inflection point where
the second derivative changes from negative to nonnegative.
The selected budget T™ is the earliest budget that reaches
this target collected-set size. Fig. 2 illustrates the spectral-

elbow rule. The smoothed SLEM curve drops quickly at
small collected-set sizes and then flattens, while the derivative
highlights the transition used to select 7.

C. Topology Probing and Budget Selection

Algorithm 1 estimates the delay matrix D, where D,, ,,
approximates the delay shortest-path distance from UE m to
UE n. Unlike timestamp-based probing, each probe carries
an accumulated delay field, so the protocol does not require
globally synchronized UE clocks. Each UE then uses D to
construct G'(7) and W'(T) across candidate budgets and
selects T using the spectral-elbow rule.

Algorithm 1: Distributed probing and adaptive budget
selection.
Result: Adaptive dissemination budget 7™*

* Initialization at device n:
Initialize local delay column D!, < oo and set

Dy =05
Create probe Ping"™ = {source = n,d = 0};
Send Ping™ to all physical neighbors;
Upon receiving a probe from neighbor k:
Parse Ping™ = {source = m,d};
Set &' < 6 + W n;
if ' < Dy, ,, then
Set Dy, ,, < ¢&';
Forward {source = m,d’} to physical
neighbors except k;

end
Delay-table dissemination:
Each device disseminates its local delay column
D"n using the same control channel;
After receiving all columns, form D by setting
Dm,n <~ D;r;yn;
Budget selection:
For each candidate 7, construct G'(7) by adding
(m,n) if Dy <T;
Form column-stochastic W/ (7") and compute
A(W(T));

Select T using the spectral-elbow rule;

Assumption and overhead. During probing, link delays are
quasi-static and per-hop processing delay is small relative
to transmission airtime. The probing and delay-table ex-
change are executed at initialization or upon detected topology
changes, and their cost is amortized over many subsequent
distillation rounds.

Connection to the experiments. Section V first reports the
average standard deviation of communicated soft decisions
versus the per-round exchange budget as an observable proxy
for mixing quality. It then reports distillation accuracy versus
cumulative airtime under the same budget definitions. The
selected T is expected to help most in bottlenecked or
hierarchical topologies, while dense graphs may already mix
effectively with one-hop exchange.
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V. EVALUATION

A. Network Mixing Experiments

We isolate the communication effect of TADD by compar-
ing soft-decision mixing across graph topologies and exchange
budgets. We test whether time-bounded multi-hop dissemi-
nation reduces disagreement more effectively than physical-
neighbor exchange, using the average standard deviation of
node vectors as the disagreement metric.

Baselines and budgets. We compare three exchange poli-
cies. Collect All performs full-network collection under a
sufficiently large budget. Collect 1-Hop collects soft deci-
sions from physical neighbors and the receiver itself. Ours
performs delay-shortest-path multi-hop dissemination under
airtime budget 7. We mark the one-hop budget to, adaptive
budget 7, and full-mixing budget ¢5. The z-axis is the per-
round airtime budget 7.

Network models. We use four connected 100-node graphs
in Fig. 3: Erd6s—Rényi with p = 0.05, IAB-like hierarchical,
Barbell, and Complete. They represent sparse sidelink con-
nectivity, hierarchical access and backhaul relaying, clustered
UEs connected by a relay bottleneck, and dense connectivity,
respectively. Link delays follow a truncated N'(10,20) distri-
bution with w > 3.

Results. We initialize each node n with a synthetic vector
28 € R3? whose entries follow a Gaussian distribution with
mean 500 and standard deviation 250, and apply eq. (8). This
isolates graph mixing, while the DeepMIMO experiment uses
task-generated soft decisions. Fig. 3 shows that Collect 1-
Hop reduces disagreement quickly at small budgets but often
plateaus as information remains within physical neighbor-
hoods. In contrast, multi-hop shortest-path exchange continues
to reduce disagreement as 7 increases, especially in sparse,
hierarchical, and bottlenecked graphs. The markers ¢o, 7, and

to indicate that TADD selects an intermediate budget before
full-network mixing is needed.

B. Distributed Distillation Experiments

We next evaluate whether the mixing advantage improves
communication efficiency on a radio-native beam prediction
task. The mixing experiments use 100-node graphs, while
distillation uses 20 UE nodes matching the dataset partition;
the same graph families are resampled at this node scale.
DeepMIMO beam dataset. We generate a DeepMIMO beam-
index classification dataset. The task has 32 beam classes, with
each sample represented by an 8-dimensional radio feature
vector. After filtering, the dataset contains 123,884 samples
across 20 UE nodes: 89,196 for training, 9,911 unlabeled
reference samples for soft-decision exchange, and 24,777 for
testing. The reference set covers all 32 classes. The node-level
data are non-i.i.d., as different UEs observe between 3 and 30
beam classes due to spatially dependent channel and beam
observations. Random Top-1 accuracy is 1/32 = 3.125%,
so we evaluate the relative accuracy—communication tradeoff
rather than standalone beam-prediction performance.
Learning and airtime accounting. Each UE trains the same
beam classifier on its DeepMIMO samples. In each round,
UEs exchange soft decisions on the shared unlabeled reference
set and update local models using supervised and distillation
losses. All exchange methods share the same model, opti-
mizer, initialization, data split, and reference set; only the
exchange policy and budget differ. For a method with per-
round budget 7', its cumulative reserved airtime budget after
round r is 77
Airtime efficiency metric. Since TADD targets
communication-efficient dissemination rather than peak
accuracy, we use airtime-to-accuracy (ATA) under our per-
round airtime-budget accounting. For target Top-1 accuracy



7, ATA(7; method) is the smallest cumulative airtime budget
at which a method first reaches 7. Lower ATA indicates that
the method reaches the same target using a smaller reserved
communication budget.

Budget structure across topologies. Across the four
graphs, the one-hop budget Ty, falls in the narrow range
[10.43,12.57], while the full-collection budget T, spans
[15.80,129.71]. This shows that the required dissemination
budget is dominated by graph structure rather than per-link
delay alone. The ratio T,y;/7™* in Table I captures the per-
round airtime-budget reduction of TADD relative to full col-
lection. It is largest on Barbell (4.51 x) and IAB-like (2.26 %),
where multi-hop relaying must traverse structural bottlenecks
or hierarchical relay paths, and smallest on Complete (1.93 %),
where the graph is already dense.

Per-round budget ATA at target T

Tan/T* 7 (%) 1-Hop Ours (T") All Saving

Topology T

Barbell 28.74 4.51x 17.0 - 862 3891 78%
TAB-like 2891 2.26% 17.5 - 1735 3261 47%
Erd6s—Rényi 11.21 2.63 X 18.0 730 1121 2066 46%
Complete 8.17 1.93x 17.5 542 409 790  48%

TABLE I: Top-1 ATA comparison; lower is better and “-”
denotes unreached target.

Airtime efficiency results. Table I reports the cumulative
airtime budget required to reach a target Top-1 accuracy 7, se-
lected near each topology’s saturation level. In bottlenecked or
hierarchical topologies, namely Barbell and IAB-like graphs,
Collect 1-Hop does not reach the target within the evaluation
horizon because one-hop exchange cannot bridge structural
bottlenecks or hierarchical relay paths. Collect All reaches
the target but requires a much larger cumulative budget. In
contrast, Ours (T*) reaches the same targets with 78% and
47% smaller cumulative airtime budgets than Collect All,
respectively. An intermediate topology-aware budget therefore
captures useful multi-hop dissemination without reserving the
full-collection window.

In well-mixed topologies, the behavior is consistent with the
smaller budget gap. On Erd6s—Rényi, Collect 1-Hop reaches
7 = 18% fastest because the graph is already close to globally
mixed. Ours (T™*) still reduces the cumulative airtime budget
by 46% relative to Collect All, but it does not dominate
the cheaper one-hop policy. On Complete, the spectral elbow
selects T < T'ihop, and Ours (T™) achieves the lowest ATA
among all three policies.

Discussion. These results support TADD’s intended role. The
spectral-elbow rule identifies the most efficient multi-hop
dissemination budget for each topology without penalizing
cases where simpler policies suffice. Savings are largest under
structural bottlenecks or hierarchical relay paths, reducing
the cumulative airtime budget by 78% on Barbell and 47%
on IAB-like relative to full collection. As a sanity check,
exchange-based methods improve over the no-exchange local-
only baseline (16.41+6.08% Top-1) by up to 2.59 percentage
points (15.8% relative), confirming meaningful soft-decision

transfer. In well-mixed graphs, 7™ approaches the one-hop
regime and TADD behaves like lightweight local exchange.
Thus, topology-aware budget expansion is most valuable
under nontrivial dissemination constraints rather than as a
uniform improvement across all graphs.

VI. CONCLUSION

This paper revisits soft-decision exchange for distributed
distillation in AI-RAN networks, where connectivity is partial,
multi-hop dissemination is common, and each round has a
limited airtime budget. We link dissemination efficiency to
the spectral properties of the induced communication graph
and propose TADD, which selects an effective budget and
disseminates soft decisions along shortest-delay paths. Exper-
iments on topologies and a DeepMIMO beam prediction task
show that TADD reduces the cumulative airtime budget by
46-78% relative to full collection, with the largest gains in
bottlenecked and hierarchical graphs. In dense or well-mixed
graphs, simpler exchange policies remain competitive.
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