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Supplementary Material

1. Experimental Results: Runtime, Memory,
and Reconstruction Metrics

In the main paper, we primarily evaluate TopoMA in terms
of trajectory accuracy (ATE) and reconstruction quality
(Depth L1 and Accuracy). However, a distributed multi-
agent system is also judged by its runtime efficiency and
resource footprint, as well as its ability to maintain recon-
struction fidelity under stronger geometric metrics such as
Completeness and Chamfer distance. To provide a more
comprehensive picture and to justify the claim that TopoMA
is both accurate and practical for large-scale deployments,
we report additional experiments in this supplementary sec-
tion.

First, we compare runtime (FPS) and memory usage
(GPU/CPU) against single-agent and multi-agent baselines
on KITTI [4], ScanNet [2], and Replica [9], demonstrat-
ing that our topology-aware design and residual transport
enable efficient, server-free multi-agent reconstruction with
competitive or better resource usage. Second, we extend the
reconstruction evaluation by reporting Completeness and
Chamfer distance on ScanNet [2] and Replica [9], con-
firming that the improvements reported in the main paper
translate to consistent gains under stronger geometric cri-
teria. Finally, we explicitly compare TopoMA with multi-
agent baselines MAGiC-SLAM [10] and CP-SLAM [5] on
KITTI [4] and ScanNet [2], highlighting that our method
achieves slightly better accuracy while maintaining favor-
able runtime and memory profiles.

1.1. Runtime and Memory Efficiency

KITTI multi-agent efficiency. Table 1 reports average
runtime and memory usage for all methods under the same
multi-agent splitting protocol on KITTI [4]. TopoMA at-
tains higher FPS than most baselines, including VGGT-
Long, while consuming less GPU and CPU memory than
other multi-agent methods such as MAGiC-SLAM [10] and
CP-SLAM [5], illustrating that topology-guided residual
transport does not incur prohibitive overhead.

ScanNet indoor efficiency. Table 2 shows that TopoMA
maintains high frame rates on ScanNet [2] while using less
memory than other multi-agent systems. This confirms that
the residual transport and topology-skeleton sparsification
effectively constrain the global optimization budget even in
cluttered indoor scenes.

Table 1. Runtime and resource usage on KITTI [4] multi-agent
experiments. We report average FPS, GPU memory, and CPU
memory across all evaluated KITTI sequences. Higher FPS and
lower memory usage are better.

Method FPS [Hz] ↑ GPU [GB] ↓ CPU [GB] ↓
Single-Agent Methods
VGGT-Long[3] 5.83 6.27 10.64

TTT3R[1] 5.41 6.52 10.91
SLAM3R[6] 5.07 6.81 11.13
MASt3R-SLAM[8] 4.92 7.08 11.32
VGGT-SLAM[7] 4.79 7.29 11.47
Multi-Agent Methods
MAGiC-SLAM[10] 4.63 7.56 11.82
CP-SLAM[5] 4.71 7.43 11.68
Ours (TopoMA) 6.12 5.97 10.09

Table 2. Runtime and resource usage on ScanNet [2] indoor
scenes. We report average FPS and memory usage over all evalu-
ated ScanNet sequences.

Method FPS [Hz] ↑ GPU [GB] ↓ CPU [GB] ↓
Single-Agent Methods
VGGT-Long[3] 5.18 6.83 11.23

TTT3R[1] 4.87 7.02 11.49
SLAM3R[6] 4.59 7.19 11.81
MASt3R-SLAM[8] 4.31 7.41 12.04
VGGT-SLAM[7] 4.08 7.63 12.19
Multi-Agent Methods
MAGiC-SLAM[10] 3.93 7.88 12.53
CP-SLAM[5] 4.02 7.77 12.31
Ours (TopoMA) 5.53 6.71 10.86

Replica efficiency. Fig. 2 is the reconstruction results on
the Replica [9] and Table 3 summarizes runtime and mem-
ory usage on Replica. Here TopoMA achieves a favorable
trade-off: FPS close to the fastest baselines and clearly
lower GPU/CPU usage than other multi-agent methods,
consistent with the ablations in the main paper that show
the benefit of residual transport and decentralized loop clo-
sure.

1.2. Extended Reconstruction Metrics

While the main paper reports Depth L1 and surface Ac-
curacy, these metrics do not fully capture the geometric
completeness of reconstructed scenes. To this end, we fur-
ther evaluate Completeness (Comp) on ScanNet [2] and
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Figure 2. Indoor reconstruction results on the Replica [9]. The first column shows reconstructions produced by TopoMA, while the
remaining columns display outputs from VGGT-Long[3], TTT3R[1], SLAM3R[6], MASt3R-SLAM[8], and VGGT-SLAM[7].

Table 3. Runtime and resource usage on Replica [9] scenes. All
values are averaged over all evaluated Replica sequences under the
same multi-agent protocol.

Method FPS [Hz] ↑ GPU [GB] ↓ CPU [GB] ↓
Single-Agent Methods
VGGT-Long[3] 6.03 6.73 10.57
TTT3R[1] 6.42 6.13 10.12

SLAM3R[6] 6.05 6.39 10.56
MASt3R-SLAM[8] 5.71 6.82 11.03
VGGT-SLAM[7] 5.54 7.04 11.29
Multi-Agent Methods
MAGiC-SLAM[10] 5.27 7.38 11.71
CP-SLAM[5] 5.34 7.09 11.46
Ours (TopoMA) 6.57 5.94 10.04

Replica [9]. These additional metrics measure how well the
predicted point clouds cover the ground-truth surfaces, pro-
viding a stricter assessment of multi-agent fusion quality.

ScanNet. Table 4 extends the ScanNet results with Com-
pleteness. TopoMA consistently achieves the lowest or
near-lowest errors across all three metrics, confirming that
the improvements reported in the main paper are not limited
to a single reconstruction criterion.

Table 4. Extended reconstruction metrics on ScanNet [2]. We
report average Depth L1, Accuracy (Acc), and Completeness
(Comp), aggregated over all evaluated ScanNet sequences. Lower
is better.

Method Depth L1 [cm] ↓ Acc [cm] ↓ Comp [cm] ↓
Single-Agent Methods
VGGT-Long[3] 60.83 28.81 36.40
TTT3R[1] 26.08 16.98 23.10
SLAM3R[6] 19.11 13.44 20.20
MASt3R-SLAM[8] 15.71 12.60 18.60
VGGT-SLAM[7] 14.10 12.58 18.20
Multi-Agent Methods
MAGiC-SLAM[10] 13.80 11.90 17.80
CP-SLAM[5] 14.60 12.10 18.20
Ours (TopoMA) 12.19 11.11 16.80

Replica. Table 5 presents extended reconstruction met-
rics on Replica [9]. In addition to achieving the best
Acc, TopoMA also attains the lowest Completeness among
multi-agent methods, indicating that topology-guided fu-
sion improves both local surface detail and global coverage.

1.3. Multi-Agent Baseline Comparison
Although the main paper already compares TopoMA with
single-agent methods under a simulated multi-agent pro-
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Figure 3. Reconstruction results on the KITTI dataset [4].

Table 5. Extended reconstruction metrics on Replica [9]. We re-
port average Accuracy (Acc) and Completeness (Comp) across all
Replica scenes. Lower is better.

Method Acc [cm] ↓ Comp [cm] ↓
Single-Agent Methods
VGGT-Long[3] 8.21 10.60
TTT3R[1] 9.11 11.20
SLAM3R[6] 9.00 11.00
MASt3R-SLAM[8] 8.29 10.80
VGGT-SLAM[7] 6.85 9.40
Multi-Agent Methods
MAGiC-SLAM[10] 8.72 10.00
CP-SLAM[5] 10.22 11.80
Ours (TopoMA) 6.81 9.10

tocol, it is also important to directly contrast with recent
multi-agent SLAM systems. Here we report explicit multi-
agent comparisons against MAGiC-SLAM [10] and CP-
SLAM [5] on KITTI [4] and ScanNet [2].

Table 6. Multi-agent tracking performance on KITTI [4]. We
report average RMSE and Mean ATE [m] over all evaluated se-
quences under the same multi-agent splitting protocol.

Method Avg. RMSE [m] ↓ Avg. Mean [m] ↓

MAGiC-SLAM[10] 23.87 19.11
CP-SLAM[5] 24.35 19.64
Ours (TopoMA) 22.51 18.32

KITTI multi-agent tracking. Table 6 compares average
RMSE and Mean ATE on KITTI [4] under the same multi-
agent splitting and evaluation protocol. TopoMA achieves
slightly lower errors than MAGiC-SLAM [10] and CP-
SLAM [5], confirming that topology-aware residual trans-
port benefits large-scale outdoor tracking.

ScanNet multi-agent reconstruction. Finally, Table 7
reports multi-agent reconstruction performance on Scan-
Net [2]. TopoMA yields lower Depth L1 and Acc than both
MAGiC-SLAM [10] and CP-SLAM [5], demonstrating that
our topology-first design scales favorably to cluttered in-
door environments.



Table 7. Multi-agent reconstruction performance on ScanNet [2].
We report average Depth L1 and Accuracy (Acc) [cm] over all
sequences under the multi-agent protocol.

Method Depth L1 [cm] ↓ Acc [cm] ↓

MAGiC-SLAM[10] 14.10 11.90
CP-SLAM[5] 14.60 12.10
Ours (TopoMA) 12.19 11.11

1.4. Qualitative Results on Additional KITTI Se-
quences

To demonstrate the effectiveness of our method, we further
evaluate it on additional KITTI [4] sequences, and the re-
construction results are shown in Fig. 3.

Overall, these supplementary results substantiate our
main claims: TopoMA not only improves trajectory and re-
construction accuracy over state-of-the-art single-agent and
multi-agent baselines, but also maintains competitive run-
time and memory usage, making it a practical solution for
large-scale, server-free multi-agent 3D reconstruction.

2. Experimental Details

We summarize the hardware and runtime setting, topology
and loop-closure hyper-parameters, loss weights, and the
network architecture and training schedule used in all ex-
periments.

2.1. Hardware and Runtime Settings
All experiments are run on an NVIDIA Jetson AGX Orin
16 GB platform with an integrated Ampere GPU (2048
CUDA cores and 64 Tensor Cores), a 12-core Arm Cortex-
A78AE v8.2 64-bit CPU, and 16 GB LPDDR5 unified
memory. Under the default 4-agent setting, TopoMA uses
about 6.3 GB of unified memory, while the total system us-
age (including OS and other processes) typically remains in
the 8.2–10.5 GB range. The full pipeline (front-end track-
ing, topology-guided mapping, decentralized loop closure,
and residual transport) runs at roughly 6 Hz on typical se-
quences and 8–10 Hz on shorter indoor sequences; all FPS
values refer to the end-to-end system.

2.2. Topology and Loop-closure Hyper-parameters
For completeness, we reproduce the main equations from
the paper that are referenced here, and then specify the nu-
merical hyper-parameters used in all experiments.

Eq. (4): topology similarity and fusion rule. The topo-
logical similarity between two point clouds Pm,t and Pn,s

is defined as

Smn = ψtopo(Pm,t,Pn,s), (4)

where ψtopo(·, ·) is a persistent-homology-based similarity
function. During global optimization, two views are fused
only when Smn exceeds a threshold τ .

Eq. (6): topology-regularized attention. Given the
global token memory Z , the query, key, and value matri-
ces are

Q =WQZ, K =WKZ, V =WV Z, (1)

and the topology-regularized attention weight between to-
kens i and j is

αij =
exp

(
Q⊤

i Kj√
d

− λ dtopo
ij

)
∑

j′ exp
(

Q⊤
i Kj′√

d
− λ dtopo

ij′

) , (6)

where dtopo
ij is the topological distance between tokens i and

j, and λ controls the strength of topology-aware regulariza-
tion.

Eq. (12): topology-gated loop closure. For a candidate
loop between views (m, t) and (n, s), we first compute a
loop score

s(m,t),(n,s) = σ
(
floop(Fm,t,Fn,s)

)
, (2)

where floop is a small MLP on concatenated map tokens and
σ(·) is a sigmoid. Let dtopo

(m,t),(n,s) be the geodesic distance
on the topology skeleton; a loop edge is accepted only if

s(m,t),(n,s) ≥ τloop and dtopo
(m,t),(n,s) ≤ δtopo. (12)

Eq. (22): topology-guided residual transport. On the
topology skeleton T = (V, ET ), each node v = (m, t) ∈ V
has a node-level residual descriptor uv obtained by aggre-
gating incident edge residuals. Residuals are transported
along the skeleton via

ũv =
∑

u∈N (v)

βv,u uu, (22)

where N (v) denotes neighbors of v on T , the weights sat-
isfy

∑
u∈N (v) βv,u = 1, and

βv,u = ftopo
(
dtopo
v,u

)
(3)

is a decreasing function of the geodesic distance dtopo
v,u .

We now specify the concrete hyper-parameters used in these
equations.

We follow the notation in the main paper (e.g., Eq. (4),
Eq. (6), Eq. (12), Eq. (22)). In the global topology opti-
mization stage, each agent performs a mandatory topology
fusion every 100 keyframes, even if the similarity score is



below the threshold, to avoid long periods without global
alignment and to reduce accumulated drift. The topology
similarity Smn ∈ [0, 1] between agents m and n is used in
Eq. (4) with

Smn > τ, τ = 0.6, (4)

which balances robustness to noisy matches and sufficient
cross-agent fusion. In Eq. (6), we add a topology-aware bias
to the attention logits by subtracting a penalty proportional
to the geodesic distance dtopo on the skeleton,

λ dtopo, λ = 0.5, (5)

discouraging long-range attention across distant topological
regions. Loop candidates in Eq. (12) are gated jointly by
appearance and topology: we set

τloop = 0.7, (6)
δtopo = 5, (7)

so a candidate is accepted only if the appearance score
s ≥ τloop and the geodesic distance on the topology skeleton
does not exceed 5 hops; for each query frame we first keep
the top-K = 20 candidates by s and then apply this gate.
For residual transport in Eq. (22), we use a topology-aware
weighting function

ftopo(dtopo) = exp(−dtopo/σ), σ = 2.0, (8)

so that propagated residuals decay exponentially with the
geodesic distance.

2.3. Loss Functions and Weights
For completeness, we explicitly restate the loss formula-
tions from the main paper that are referred to as Eq. (17),
Eq. (23), and Eq. (24).

Eq. (17): multi-modal pose refinement energy. Given
loop and tree edges e ∈ ET ∪ Eloop on the topology skele-
ton and matched samples j ∈ Ωe, we define depth, color,
pointmap, and topology residuals

rdepth
e,j = De −Dj ,

rcolor
e,j = Ce − Cj ,

rpointmap
e,j = Pe − Pj ,

rtopo
e,j = Te − Tj ,

(9)

and the topology-regularized global refinement objective is

Epose =
∑

e∈ET∪Eloop

∑
j∈Ωe

(
λdepth

∥∥rdepth
e,j

∥∥2
2
+ λcolor

∥∥rcolor
e,j

∥∥2
2

+λpointmap
∥∥rpointmap

e,j

∥∥2
2
+ λtopo

∥∥rtopo
e,j

∥∥2
2

)
.

(17)

Eq. (23): residual transport loss. Let uv be the node-
level residual descriptor at node v = (m, t) and ũv its trans-
ported counterpart from Eq. (22). The residual-transport
loss is

Etrans =
∑

v=(m,t)∈V

∥∥ũv−uv

∥∥2
2
+µ

∥∥hθ(z̃k(m,t))−gθ(ũv)
∥∥2
2
,

(23)
where hθ(·) maps global tokens to pose-space corrections,
gθ(·) maps transported residuals to the same pose space, and
µ balances the two terms.

Eq. (24): total back-end objective. The total loss used to
train the back-end is

Etotal = Epose + λtransEtrans, (24)

where λtrans controls the strength of residual transport regu-
larization.

In the supplementary experiments we instantiate these equa-
tions with explicit scalar weights.

Eq. (17), Eq. (23), and Eq. (24) are instantiated with ex-
plicit scalar weights. The multi-modal pose refinement en-
ergy can be written as

Epose = λdepthEdepth+λcolorEcolor+λpointmapEpointmap+λtopoEtopo,
(10)

with

λdepth = 1.0, λcolor = 0.1, (11)
λpointmap = 0.5, λtopo = 0.5. (12)

The residual transport lossEtrans in Eq. (23) uses an internal
balancing factor

µ = 1.0, (13)

and the total loss in Eq. (24) is

Etotal = Epose + λtransEtrans, (14)

with
λtrans = 0.1, (15)

so residual transport acts as a regularizer instead of domi-
nating the optimization.

2.4. Network Architecture and Training Schedule
We denote the front-end module by f causal

θ and the back-
end module by f global

θ . The front-end f causal
θ is a trans-

former encoder with 12 layers, hidden dimension 768, and
12-headed self-attention; each frame is represented by 256
map tokens obtained by flattening a 2D feature map and
linearly projecting, and each agent maintains a KV-cache
of the most recent 64 frames using a sliding window. The
back-end f global

θ operates on the sparse topology skeleton



Table 8. Topology ablation on apartment-00 of Replica [9]. We
report ATE, FPS, and unified memory usage (GPU/CPU) on Jetson
AGX Orin 16 GB; all values are averaged over 5 runs.

Methods ATE[cm] ↓ FPS[Hz] ↑ GPU[GB] ↓ CPU[GB] ↓
NoTopo 17.86 6.92 5.40 8.80
Topo-Attn 14.63 6.75 5.55 9.05
Topo-Loop 13.21 6.58 5.70 9.30
Topo-Trans 12.47 6.39 5.80 9.60
Full-Topo (Ours) 10.48 6.23 5.90 9.93

with 4 transformer layers of hidden dimension 512 and 8-
headed attention restricted to skeleton neighbors, and per-
forms 3 unrolled gradient-descent steps per global block for
topology-aware refinement. We train the full model with
AdamW using an initial learning rate of 1 × 10−4, weight
decay 0.05, and 300k iterations on a mix of indoor and out-
door sequences; the learning rate follows a cosine schedule,
remaining constant for the first 80% of iterations and de-
caying to 1 × 10−5 over the final 20%. Each optimization
step samples 4 agents and 8 frames per agent (32 frames
in total) with overlapping temporal windows to encourage
cross-agent interactions. Data augmentation includes color
jitter, random horizontal flipping, and random cropping to
640×384, and we avoid strong geometric warps that would
distort the scene topology.

All experiments in the main paper use these settings un-
less otherwise noted.

2.5. Additional Topology Ablations and Multi-agent
Scaling

Topology ablation on apartment-00. We further de-
compose TopoMA into three topology components on
apartment-00 of Replica: topology-aware attention (Topo-
Attn), topology-gated loop closure (Topo-Loop), and
topology-guided residual transport (Topo-Trans). NoTopo
disables all three (pure geometry), Topo-Attn enables only
the attention bias, Topo-Loop enables only topology-gated
loops, Topo-Trans enables only residual transport, and Full-
Topo corresponds to the full model. As shown in Ta-
ble 8, removing topology (NoTopo) yields the highest FPS
and lowest memory but significantly degrades ATE. Adding
only Topo-Attn already improves ATE with almost no cost.
Topo-Loop further reduces spurious long-range matches
and improves accuracy while staying real-time. Topo-Trans
strengthens large-scale consistency by propagating residu-
als along the skeleton, with a small increase in GPU/CPU
usage. Full-Topo achieves the best ATE with FPS and mem-
ory still well within the 16 GB budget of Jetson AGX Orin,
showing that topology brings clear accuracy gains for mod-
est overhead.

FPS–memory trade-off. Comparing the topology vari-
ants in Table 8, we observe a clear accuracy–efficiency
trade-off. Disabling all topology cues (NoTopo) yields the

Table 9. Multi-agent scaling on apartment-00 of Replica [9]. We
report ATE, FPS, and unified memory usage when varying the
number of agents while keeping other settings fixed.

Agents ATE[cm] ↓ FPS[Hz] ↑ GPU[GB] ↓ CPU[GB] ↓
2 12.81 7.10 5.00 8.50
3 11.57 6.72 5.40 9.10
4 10.48 6.23 5.90 9.93
5 10.32 5.82 6.40 10.60
6 10.25 5.43 6.90 11.20

highest FPS and lowest unified memory usage, but results
in the worst ATE and poor global consistency. Gradually
enabling topology-aware attention (Topo-Attn), topology-
gated loop closure (Topo-Loop), and topology-guided resid-
ual transport (Topo-Trans) progressively improves ATE
with only modest increases in GPU/CPU usage. The full
TopoMA configuration (Full-Topo) achieves the best tra-
jectory accuracy on apartment-00 while remaining real-time
on Jetson AGX Orin and well within the 16 GB memory
budget, demonstrating that topology brings substantial ac-
curacy gains for a modest computational overhead.

Scaling to 2, 3, 5, and 6 agents. We also vary the number
of agents from 2 to 6 on apartment-00 under the same simu-
lated multi-agent protocol as in the main paper. As shown in
Table 9, increasing agents from 2 to 4 consistently improves
ATE thanks to richer viewpoints and denser topology, with
gradually higher GPU/CPU usage and slightly lower FPS.
Beyond 4 agents, additional accuracy gains are small, while
resource usage continues to grow. For apartment-scale
scenes, 3–4 agents offer a good balance between quality
and efficiency; nonetheless, TopoMA can still handle 5–6
agents on Jetson AGX Orin without exceeding memory, at
the cost of modest FPS reductions.

Multi-agent sequence splitting protocol. For fairness
and reproducibility in Table 9, we keep the same simulated
multi-agent protocol and vary only the number of agents
M ∈ {2, 3, 4, 5, 6}. Given a monocular sequence with T
frames indexed by 0, . . . , T − 1, we build M temporally
ordered sub-sequences by assigning each agent a contigu-
ous interval with controlled overlap. We set the base seg-
ment length Lseg = ⌊T/M⌋ and overlap ratio γ = 0.3,
and define the stride S = ⌊Lseg(1 − γ)⌋. The k-th agent
(k = 0, . . . ,M − 1) receives frames

Ik =
[
kS, kS + Lseg − 1

]
∩ [0, T − 1], (16)

so consecutive agents share about γLseg frames, while non-
adjacent agents may overlap indirectly when M is larger.
For M = 2 or 3, this yields long, heavily overlapping
trajectories that emulate a few robots starting from differ-
ent times; for M = 4 (our default), coverage and runtime
are well balanced; for M = 5 and 6, each agent covers a



shorter segment but joint coverage becomes denser, lead-
ing to slightly stronger topological constraints at the cost of
higher memory and lower FPS, consistent with Table 9.

Distributed execution and residual transport. Al-
though all agents are simulated on a single Jetson AGX Orin
in our experiments, we implement the system strictly in a
distributed, server-free fashion to match the design in the
main paper. Each agent am maintains its own front-end
state (KV-cache Cm, local poses Tm,t, and point clouds
Pm,t) and executes f causal

θ independently on its incoming
frames. The back-end f global

θ is shared across agents but
only sees a sparse view of the global state: instead of access-
ing all raw frames or feature maps, it operates on the topol-
ogy skeleton T = (V, ET ) and on compressed node/edge
descriptors derived from residuals.

Concretely, for each edge e = ((m, t), (n, s)) ∈ ET ∪
Eloop, the two incident agents first compute local multi-
modal residuals (depth, color, pointmap, and topology) and
aggregate them into a compact edge descriptor re. These
re are the only quantities exchanged across agents. At each
global update step, every node v = (m, t) builds a node-
level descriptor

uv = gnode({re | e ∈ ET ∪ Eloop, e ∋ v}) , (17)

and we then apply the residual-transport rule in Eq. (22),

ũv =
∑

u∈N (v)

βv,u uu, (18)

where N (v) denotes skeleton neighbors of v, and βv,u is
obtained from the topology-aware kernel ftopo(d

topo
v,u ).

In practice, we root T at a designated anchor agent aref
and transport residuals along the tree towards this anchor, so
that all global information is concentrated in a single agent.
This anchor is not fixed by the method: in our experiments
we choose one agent as aref for convenience (e.g., the first
agent or the one with better compute or more central cov-
erage), but in principle any agent can be assigned as the
anchor depending on task requirements or deployment con-
straints. In practice, the anchor role can also be reassigned
at run time (e.g., when a robot enters a new sub-region
or when compute resources change) without modifying the
core topology or transport formulation. Non-anchor agents
only maintain their local descriptors uv and a small num-
ber of transported neighbors ũv , whereas aref receives the
full transported summary, keeping per-agent memory and
bandwidth low.

The back-end then uses the transported descriptors ũv

in Eq. (23) as an additional supervision signal for pose up-
dates. For node v = (m, t) belonging to agent am, we
evaluate

Etrans,v =
∥∥ũv − uv

∥∥2
2
+ µ

∥∥hθ(z̃k(m,t))− gθ(ũv)
∥∥2
2
,
(19)

so that the pose increment predicted from global tokens
hθ(z̃k(m,t)) is encouraged to be consistent with the
signal coming from residual transport gθ(ũv). Since
only low-dimensional descriptors re, uv , and ũv are
communicated and the aggregation is concentrated at
aref, the implementation closely matches the server-free,
topology-guided distributed design of the main paper
while keeping bandwidth and memory overhead modest.
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