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Abstract

3-D point clouds are unordered, irregularly sampled, and variable in density, which makes it diffi-
cult for unified segmentation models to preserve local geometry while incorporating global context.
We propose Calculus on Clouds (COC), a geometry-state operator integrated into the OneFormer3D
query decoder for joint semantic, instance, and panoptic segmentation. COC contains three coordi-
nated components. Lean Gated Discretized Integration (LGDI) represents regional samples with a
positive scalar measure and combines a learned content integral with contracted first-order Jacobian
norms and paired second-order cross-product descriptors. State-Aware Gated Cross-Attention (SAG-
CA) couples a positive low-rank local read with a compact permutation-invariant state bank and
query-conditioned gated fusion. Depth-wise Selective Scan Aggregation (DSSA) performs bounded
bidirectional state evolution along the naturally ordered decoder-depth axis and refines the final query
representation. The formulation avoids imposing an arbitrary scan order on point tokens and uses
contracted radial descriptors for the stated geometric properties. Experiments on ScanNetV2 and
S3DIS show improvements over the corresponding OneFormer3D references across semantic, instance,
and panoptic metrics. Component ablations and operator-level numerical checks further characterize
the effects and limits of the proposed design.

Keywords: Point cloud, State space model (SSM), Transformer, Discrete integration, 3D scene segmentation

1 Introduction

Three-dimensional point clouds are a central sens-
ing representation for indoor robots, RGB-D map-
ping, digital twins, and other automation systems.
A perception module in these settings must sepa-
rate objects, assign semantic labels, and maintain

a consistent scene representation for navigation
and semantic mapping [3, 6]. Point clouds, how-
ever, are unordered, sparse, non-uniformly sam-
pled, and variable in density and scale [2, 4, 5].
These properties make the aggregation of local
evidence difficult: a region summary should be
permutation invariant, should not be dominated



by sampling density, and should retain geomet-
ric variation that is lost by a single mean or
maximum.

Existing 3D segmentation pipelines use point-
based, voxel-based, or projection-based repre-
sentations [2, 4, 5]. Point-based models such
as PointNet [7], DGCNN [8], KPConv [9],
and PointNeXt [10] preserve point-level infor-
mation, while sparse voxel methods such as
MinkowskiNet [14], TorchSparse++ [15], LargeK-
ernel3D [17], and VoxelNeXt [18] trade some
geometric resolution for efficient convolution.
Recent point-cloud foundation models also inves-
tigate language-aligned point representations [1].
Projection-based methods provide efficient 2D
processing but can introduce occlusion and geo-
metric ambiguity [19, 20]. Across these represen-
tations, local features are still commonly summa-
rized by fixed statistics or learned weights, leaving
a gap between permutation-invariant pooling and
geometry-aware integration.

Attention-based models provide a flexible way
to couple distant regions. Point Transformer
[25], Point Transformer V2 [26], Fast Point
Transformer [27], and Stratified Transformer [28]
demonstrate the value of contextual interaction,
but dense query-region attention can be expensive
and does not by itself define a compact, address-
able scene state. State Space Models (SSMs),
including S4 [30], S5 [31], and Mamba [32], offer a
complementary view based on stable state evolu-
tion. Their point-cloud extensions, such as Point
Mamba [33], Point Cloud Mamba [34], Point-
Mamba [35], Pamba [29], and 3D-UMamba [36],
show that state propagation is useful for geomet-
ric data, but raw point tokens do not possess a
canonical scan order.

Query-based segmentation offers a natural
interface for unified prediction. DETR [37] and
Mask2Former [38, 39] establish query-driven set
prediction, while Mask3D [40], SPFormer [41],
and OneFormer3D [42] extend this paradigm to
3D scenes. OneFormer3D is particularly rele-
vant because a single decoder supports semantic,
instance, and panoptic segmentation. Its query
decoder nevertheless leaves three opportunities
open: local superpoint aggregation can be more
than a fixed statistic, global context can be
exposed through an explicit compact state, and
the intermediate query trajectory across decoder
depth can be used more directly.

We address these opportunities with Calcu-
lus on Clouds (COC), a geometry-state operator
family built on the unified OneFormer3D pipeline
[42]. COC applies one operator formulation at
three axes with different order structures. For
unordered points or voxels within a region, Lean
Gated Discretized Integration (LGDI) forms a
positive scalar measure and combines a learned
content integral with contracted first-order Jaco-
bian norms and paired second-order cross-product
descriptors. For query-region interaction, State-
Aware Gated Cross-Attention (SAG-CA) com-
bines a positive low-rank kernel read, a mask-
preserving softmax path required by iterative
mask supervision, and a small permutation-
invariant state bank. For the only intrinsically
ordered axis, decoder depth, Depth-wise Selec-
tive Scan Aggregation (DSSA) performs a stable
bidirectional state evolution conditioned on scene
descriptors. The three paths use separate oper-
ator instances where required by feature width,
but share the same measure—kernel-state design
rather than introducing unrelated feature extrac-
tors.

The design leads to three concrete goals:
(i) preserve permutation invariance while mak-
ing regional aggregation sensitive to local feature
geometry, (ii) provide each query with both local
evidence and a compact global read, and (iii) use
decoder-depth history without imposing an arbi-
trary order on point tokens. COC is therefore an
SSM-inspired geometry-state extension of a query-
based segmenter, rather than a direct sequential
scan of the point cloud.

The contributions of this work are summarized
as follows:

1. Geometry-aware discretized integration.
LGDI replaces fixed regional statistics with a
positive scalar measure, normalized local coor-
dinates, a weak feature Jacobian, and paired
cross-product descriptors obtained by complete
spatial contraction. The spatial quantities are
contracted so that the regional descriptor is
invariant to joint point permutation, transla-
tion, and proper rotation of the coordinate
frame.

2. Local/global query-state reading. SAG-
CA adds a small permutation-invariant state
bank to the query decoder. A query-
conditioned positive read and a gated fusion



combine global context with the local ker-
nel integral, while masked rows retain a
mask-preserving softmax path for the original
decoder semantics.

3. Stable depth-wise evolution. DSSA scans
decoder depth in both directions, conditions
the transition on scene scale, radial spread, and
point count, and reads the resulting trajectory
as a residual refinement. It is deliberately an
SSM-inspired stable transition and does not
require an arbitrary ordering of raw points.

4. Unified evaluation. We integrate these
components into OneFormer3D and evaluate
semantic, instance, and panoptic segmentation
on ScanNetV2 and S3DIS, with ablations that
separate measure integration, state reading,
and depth evolution.

2 Related Work

2.1 3D Point Cloud Segmentation
and Feature Aggregation

Point cloud segmentation methods differ in how
they preserve irregular geometry while construct-
ing a representation that can be processed
efficiently. Point-based models operate directly
on unordered samples: PointNet [7] establishes
permutation-invariant point processing, DGCNN
[8] introduces dynamic neighborhood graphs, and
KPConv [9], PointNeXt [10], PointMetaBase [11],
PointGT [12], and PointASNL [43] improve local
geometric modeling through deformable kernels,
stronger feature transformations, or adaptive sam-
pling. Point Transformer [25], Point Transformer
V2 [26], Fast Point Transformer [27], and Strat-
ified Transformer [28] add long-range contextual
interaction with attention.

Voxel-based methods instead regularize the
input and exploit sparse computation. VoxNet [13]
is an early volumetric approach, while Minkowsk-
iNet [14], TorchSparse++ [15], and ASH [16]
improve sparse processing. LargeKernel3D [17]
and VoxelNeXt [18] enlarge receptive fields while
retaining sparse representations. Projection-based
approaches use range or bird’s-eye-view images for
efficient 2D processing [19, 20], which is attractive
in large-scale perception but can lose 3D struc-
ture under occlusion or clutter [21, 22]. These
families motivate the same unresolved design ques-
tion for our setting: how should a region be

summarized when its samples are unordered and
unevenly distributed? COC addresses this ques-
tion at the superpoint stage with a positive mea-
sure, a learned content integral, and contracted
Jacobian and paired cross-product descriptors
rather than a single fixed statistic.

2.2 Query-based Unified 3D
Segmentation

DETR [37] established object queries as carriers
for end-to-end set prediction, and Mask2Former
[38, 39] extended query decoding with masked
attention for universal segmentation. In 3D,
Mask3D [40] applies a mask-transformer formu-
lation to instance segmentation, SPFormer [41]
uses superpoints for efficient scene reasoning, and
OneFormer3D [42] unifies semantic, instance, and
panoptic segmentation in one decoder. Top-down
and instance-focused methods, including TD3D
[46], SoftGroup [47], PBNet [48], ISBNet [49],
PointGroup [50], DyCo3D [51], SSTNet [52], HAIS
[53], and SegGCN [71], further show the impor-
tance of grouping, geometric aggregation, and
instance-aware refinement.

Our work retains the unified query interface of
OneFormer3D but changes the information flow
inside it. Existing query decoders mainly obtain
scene context through query—point or query-
superpoint attention and commonly use the final
decoder state for prediction. COC adds an explicit
permutation-invariant state bank that each query
can read through a positive kernel and a learned
gate, while preserving the mask support and
masked-softmax behavior required by iterative
mask supervision. It also uses the intermediate
decoder states through a depth-wise residual read.
Thus, SAG-CA and DSSA complement the query
formulation instead of replacing the set-prediction
objective.

2.3 State Space Models for Vision
and Point Clouds

SSMs provide a state-transition view of sequence
modeling rooted in linear systems [54-56]. S4
[30, 57], S5 [31, 58], H3 [59], and Mamba [32]
improve long-range modeling through structured
or input-dependent transitions. This line of work
has been extended to multidimensional visual sig-
nals by S4ND [60], ViM [61], and VMamba [62],



and to point clouds by Point Mamba [33], Point
Cloud Mamba [34], PointMamba [35], Pamba [29],
and 3D-UMamba [36]. These methods establish
the relevance of state propagation for geometric
perception, but their scans require an ordering or
a traversal policy for the processed tokens.

COC wuses the state-space idea selectively.
LGDI treats the unordered regional samples as a
discrete measure and does not scan them. SAG-
CA uses a fixed number of state slots to obtain a
permutation-invariant global summary and reads
it with query-conditioned positive weights. DSSA
applies a stable bidirectional transition only along
decoder depth, which is an ordered axis, and
conditions it on scene-level radial statistics. The
implementation is therefore SSM-inspired rather
than a claim of a full Mamba block with indepen-
dent input and output parameter fields.

2.4 Adaptive and Hierarchical
Feature Modulation

Adaptive feature modulation appears in both 2D
and 3D dense prediction. Swin Transformer [63]
and Pyramid Vision Transformer [64] build hier-
archical representations, while UP-DETR [65] and
Mask2Former [39] demonstrate that structured
query refinement can improve downstream predic-
tion. In point clouds, PAConv [44] dynamically
assembles kernels, PointVector [45] uses vector-
valued geometric features, DyCo3D [51] employs
dynamic convolution, and ISBNet [49] combines
instance-aware sampling with box-aware convolu-
tion.

COC is related to these adaptive designs
but operates at three different information axes:
the regional measure adapts sample contribu-
tion, the state bank adapts global context to
each query, and the depth transition adapts the
use of intermediate decoder states. This distinc-
tion is useful for unified segmentation because
the method improves aggregation and refinement
without introducing a separate instance-specific
branch or imposing a traversal order on the point
cloud.

2.5 Relation to Common
Aggregation and Recurrence
Baselines

The difference between COC and common aggre-
gation baselines is functional rather than a change
of terminology. Standard attention pooling assigns
a dense query-sample compatibility score and
uses a softmax-weighted value sum [24]; its pri-
mary object is pairwise sample selection. LGDI
instead learns one positive scalar measure per
regional sample and uses the same measure for
a content integral, a full-channel contracted first-
order Jacobian descriptor, and a paired second-
order cross-product descriptor. Consequently, two
regions with the same mean can still differ through
their learned measure and differential descriptors.
SE or generic gated pooling usually computes a
pooled channel statistic and applies a channel-wise
rescaling; it does not expose a sample measure,
a weak spatial Jacobian, or an antisymmetric
contracted descriptor. SAG-CA uses a feature-
wise gate only after constructing separate local
and global reads, so the gate selects between
two already aggregated information sources rather
than replacing sample-level integration.

GRU/BiGRU aggregation treats its inputs as
an ordered sequence and updates a recurrent state
along that order. This is appropriate for tempo-
ral data, but raw point or superpoint tokens have
no canonical sequence. COC leaves regional tokens
unordered, uses a permutation-invariant state
bank for global context, and applies recurrence
only to the intrinsically ordered decoder-depth
axis in DSSA. A conventional MLP depth aggrega-
tor maps a concatenation or a fixed weighted sum
of layer states to an output; it has no recurrent
state transition and does not use a bidirectional
terminal read. DSSA instead propagates bounded
states in both depth directions and scores the com-
plete trajectory against the terminal query. These
distinctions explain why COC is not equivalent to
attention pooling, channel gating, recurrent point
scanning, or a static MLP over decoder layers,
even though all of them can be implemented with
standard neural primitives.



3 Method

COC is implemented inside the unified query
decoder of OneFormer3D [42]. The sparse back-
bone produces point or voxel features, and the
existing superpoint or macro-voxel assignments
define unordered regions. COC changes three
information-transfer operations while retaining
the original prediction heads: LGDI integrates
each region with a learned positive measure, SAG-
CA reads regional tokens together with a compact
global state bank, and DSSA evolves the ordered
sequence of decoder-layer states. No traversal
order is imposed on point, voxel, or region tokens.
Figure 1 summarizes the active path. The
backbone features are first aggregated by LGDI;
superpoints are used for ScanNet and label-free
macro-voxels for S3DIS. The resulting regional
states enter every decoder cross layer. Each such
layer performs the local/global SAG-CA read and
then applies the unchanged self-attention and
feed-forward blocks. The collected query states are
refined by DSSA before the existing classification,
objectness, mask, and semantic heads.

3.1 Measure-State View of Point
Cloud Decoding

Let region Rj contain N features f; € RP
and coordinates p; € R3. The implementation
first computes a centroid, a local radius, and a
normalized relative coordinate:

1€ERE
1/2
(1 lIpi — cxll3 (1)
w3 ImgeE)
1ERK
~ Pi —Ck
pi=————.
max(sg, €)

The radial descriptor is

gi = [IBill2, 1p:3, log(1 + [IBill2), 1] € RY. (2)

It uses no fixed coordinate axis. Therefore the
radial descriptor is unchanged by joint permuta-
tions, translations, and proper rotations of the
coordinates. Uniform local scale changes also can-
cel when s; > ¢; the clamp makes this statement

non-strict for degenerate regions. The learned den-
sity and the final state additionally depend on
fi and learned maps, so these are geometric-
descriptor properties rather than unconditional
invariance claims for the complete feature trans-
formation.

The measure network outputs one positive
scalar per sample, shared by all feature channels.
We use the lower-clamp operator clamp,(t) =
max(t,e) only as a numerical guard:

d; = Softplus(m([fi; g:])) ,

Dy, = clamp, Z d; |, 3)
JERK
d:
= Fl, di € Rxo.

Let my =3 ;cx, d;j- The clamp gives

my
5 = e
max(myg, €)

1E€ERL

Thus the weights sum to one when mj; > ¢ and
are strictly sub-normalized only in the low-mass
numerical-guard regime 0 < my < e. This is a
numerical safeguard rather than a modeling claim
of exact normalization in that exceptional case.
The normalized weights determine relative sam-
ple contribution. The separate mass code used by
LGDI is

2icR, di) ' (4)

l, =1 1
k og(+ N,

3.2 Lean Gated Discretized
Integration

Let ¢(f;) € RP be the learned content map. The
mean and weighted content integral are

1
M = m i;;k fi» 5)
b =Y mo(fi).
1€ERK

The weak feature differential is a D x 3 matrix,

o= 32 m(6(f) — B)FT €RDF. (o)

1€ER
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Fig. 1 Overview of COC. A sparse 3D backbone produces point or voxel features. LGDI forms regional states with a
positive scalar measure and contracted first-order and paired cross-product descriptors. SAG-CA combines a local kernel
read with a query-conditioned read from a permutation-invariant state bank. DSSA refines the ordered decoder-depth
trajectory before the unchanged OneFormer3D prediction heads.
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Fig. 2 LGDI computes a scalar positive density from
point features and radial local descriptors. It combines
a weighted content integral with a contracted first-order
Jacobian descriptor and paired second-order cross-product
descriptors, followed by a residual regional update.

The code takes the Euclidean norm of each feature
row, so the contracted first-order descriptor is a
vector, not a scalar:

1 _ D
e = 1kcllzs -, | Jopillsl € RP. (1)
For the paired second-order descriptor, the first
2r rows are grouped into pairs. Each row of Jj is
a three-dimensional coordinate-space vector; the
cross product is taken between two such rows and

its norm is retained:

Wk,a = Jk,2a—1,: X Jk,Za,:,

e = llwkallss  a=1...,n, (8
2 2 2 -
el =[ef], ... el ER.

If a narrow ablation has fewer than 2r rows, zero
rows are appended before pairing, as in the imple-
mentation. For a,b € R3, ||axb|l = |laAb]|2 is the
area norm of the two-vector wedge after the Hodge
identification in R3. Hence e,(cz,zl is a contracted
cross-product descriptor, rather than a claim that
feature channels themselves have a canonical geo-
metric order. The row norms and cross-product
norms are invariant to proper rotations after com-
plete spatial contraction; all sums are invariant to
a joint permutation of samples.

The terms “calculus” and “exterior-form
descriptor” describe the organization of these
finite-dimensional statistics. In particular, Ji is a
weighted weak feature—coordinate cross-moment,
IJk,q: |2 is & contracted first-order descriptor, and
Ik.2a—1,: X Jk,24,:||2 is the norm of a paired two-
vector wedge after contraction. They do not assert
a new continuous calculus, a differential-geometric
theorem, or an exact discretization limit. The
properties used by COC follow from finite sums,
complete contraction over the spatial coordinates,
positive weights, and the numerical clamp; the



learned maps remain ordinary trainable neural
functions.

The second-order term is deliberately a low-
cost descriptor. With the active setting D = 256
and r = 8, it pairs the first 2r = 16 rows of Jg
and leaves the remaining 240 rows to the first-
order term. Feature channels have no intrinsic
physical ordering, so adjacent pairing is a fixed
engineering choice in the learned feature chart, not
a claim that these channels form canonical geo-
metric directions or that this pairing is uniquely
optimal. The complete first-order vector still uses
all D rows. The second-order descriptor intro-
duces no independent trainable matrix: relative
to a first-order-only input, it adds r scalars and
increases the first layer of Fi, by rD weights,
namely 8 x 256 = 2048 weights for the active
configuration. Its extra arithmetic is O(r) three-
dimensional cross products and norms; the D x 3
Jacobian is already required by the first-order
term. Sensitivity to other values of r, random pair-
ings, and learned pairings is outside the reported
ablation protocol, so the paper treats the current
pairing as a reproducible implementation choice
rather than as a theoretical optimum.

The concatenated input has dimension 3D +
r 4+ 1 and the output is a residual update:

he = Gl s es ] € RO,
Sk = e + Fine(hi), Sk € R.

Here Fi : R3PT™t1 — RP is the implemented
two-layer residual map: a bias-free linear layer
from 3D + r + 1 to D, followed by LayerNorm
and GELU, and a bias-free linear layer from D
to D. Thus Fiy changes the descriptor dimension
but introduces no additional spatial tensor. The
descriptor is a finite-dimensional feature statis-
tic; the word “second-order” refers to the bilinear
cross product of two rows of the weak Jacobian,
not to a second spatial derivative. For S3DIS, the
same label-free macro-voxel mapping is used to
aggregate features and to remap targets.

3.3 State-Aware Gated
Cross-Attention
At decoder layer I, let @ € RN«*P be the queries

and S € RM*P the regional states. Let G, and G
denote four-dimensional radial descriptors; G is
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® Query-conditioned dynamics
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Fig. 3 SAG-CA combines a local positive kernel
read (or a mask-preserving softmax path) with a
permutation-invariant multi-slot global state bank and
query-conditioned gated fusion.

zero when query coordinates are unavailable. With
no attention mask, the positive low-rank maps are

O, = Softplus(QWy + GaWyg) + &, (10)
P, = Softplus(SWs + G, W) + €.

Here W, W, € RP*fx and Wyg, Wsg € R4X B,
the bias-free maps are applied row-wise, giving
o, € RNexEBx and &, € RM*Ex Hence Ky €
REXD - q, € RNaX! and the row-wise division
in Z,0s broadcasts over the D channels. Because
every feature-map entry is at least &, the denom-
inator is above the clamp for ordinary nonempty
inputs; the clamp remains a numerical guard. The

key—value summary and normalized positive read



are computed as

Ky =®] 8 ¢ RFtXD,

M T
dg = clamp, | ®, Z(I)S’j‘ , (11)
j=1
P, K
Zpos = 7qd v e RNaxD,
q

The division is row-wise. Thus the unmasked path
is linear in the number of regional tokens for fixed
Ry, and D.

The same path adds a bounded antisymmetric
feature-chart correction. Define

C(x) nh(zWe) € R™*?"

= ta
C(@) = (¢ (), €D (). ()

For an input with n rows, We € RP*?" and
CO(z),cM(x) € R"*". For two chart rows a,b €
R"*2, define the contracted antisymmetric inner
product

T

(a, b>/\ = Z (at70bt71 — atﬁlbt,o) e R. (13)

t=1

After reshaping the last dimension into r pairs,
the correction uses two key—value summaries:

F=cM(8)Ts e R™*P,
Fo=CcO(8)Ts e R™*P,

COQR V@R o,
q

Zeorr = tanh(n)

Lloc = Zpos + Zeorr-

(14)
Here the products sum over the r chart pairs and
all divisions use the same row denominator d,. The
scalar 7 is the learned ‘form_scale’ parameter. The
antisymmetric chart term is a bounded feature
compatibility correction; it is not an additional
spatial derivative.

When an iterative attention mask is supplied,
the implementation switches to a mask-preserving
softmax path. The word “mask-preserving” refers
to the support constraint and masked-softmax
operation; it does not mean numerical equivalence
to the original OneFormer3D attention. For com-
parison, let ¢,s € R**P. The original masked

cross-attention uses Wqo, Wg, Wy € RPXDP and
produces tensors with the same feature width D:

QO:qWQ7 KOZSWK?
VO =sWy,
0 0
A,; = Softmax; (£;),
Q)TKY (15)
loy = —5="+ My;,

vD

M
0 __ 0 0
Zq - ZquVj ’
j=1

where ]\//.qu = 0 for an allowed key and —oo for
a disallowed key. COC keeps this support rule
but changes the score and value path as fol-
lows. Let My; = 1 denote a disallowed key. The
unnormalized score is

Te. .
_ a5, (Ca).Cs)n

Ly =
SVDT v
+ bgj,
N TR
o 2 [Softplus(p) + €]’

1
I . = Lgj,  Mgj =0, (16)
o —0Q, qu = 17

wq; = Softmax;(Lg;),
M

Zloc = quij.
j=1

Here (C(q),C(s))n denotes the sum of the two-
dimensional antisymmetric products over the r
chart pairs; u, and v; are the query and source
coordinates, and p is the learned coordinate-
bandwidth parameter. Unlike (15), the active
masked path uses the incoming query and source
tensors directly, does not apply independent Wq,
Wik, and Wy projections, adds the chart correc-
tion, and optionally adds the coordinate-distance
bias. Its value is the source tensor s; in the
decoder call. The distance bias by; is included
only when both coordinate tensors are supplied.
Thus, “mask-preserving” is the precise compar-
ison to the OneFormer3D baseline: the allowed
support, —oo masking, and softmax normalization
are retained, whereas the numerical compatibility
function is COC-specific. For a fully masked query



row, the implementation returns zero weights
rather than propagating a NaN.

Both local paths then use the same query-
conditioned stable interpolation:

0 = Softplus(QW, + b,),

A = Softplus(\g),

T = exp[— clamp (6 ® A, 0,20)],
Zit =T OQ+ (1 =7)© Zge-

(17)

Here W, € RPXP b Ao € RP, and 4,7, Ziyy €
RNa*D  The element-wise interpolation is there-
fore dimension preserving.

The global bank has Ry slots, with Ry < M.
The assignment and value tensors are

Lo = W,o[S; Gy] + b, € RM*Es
A = Softmax (L), V., =W,S € RM*P,

m = ATlM € RR.

(18)
The softmax is along the M region rows for every
slot, so in exact arithmetic m = 1g,. The imple-
mentation still computes the guarded mass vector
m and applies the following diagonal normaliza-
tion; it is mathematically redundant for a finite,
nonempty region set and only protects against
numerical underflow or masked empty inputs. The
state bank is therefore

H = Diag(clamp,_(m)) "' ATV,

T : . (19)
H = A"V, for finite nonempty inputs.

The assignment matrix uses W, € R(P+xHs and
b, € REs; the value map is W, € RP*P and
H € REXP Each slot is consequently a nor-
malized weighted mean of transformed regional
states, making H invariant to a joint permutation
of regions.

For a query, positive maps read the bank as

U, = Softplus(QWy) + ¢,
Ky = Softplus(HW,x) + ¢,
D = clamp, [(U, K15, .
UsK gy

Dl
H,=PH € RN«*P,

(20)
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Fig. 4 DSSA treats decoder layers as samples on an
ordered depth axis. It performs forward and backward sta-
ble state evolution, fuses the two directions, and reads the
complete query trajectory before the final residual refine-
ment.

In this read, W,,, W,;, € RP* Bk Df € RNax1,
and P € RN«*%: The gate uses W, € R?P*P and
by € RP, s0 8,Y € RNa*P The local and global
reads are fused by the implemented feature-wise
gate:

B =a(W,[Q; Hy| +by),

Y =80 Zine+ (1 -8)© Hy.
The cross layer applies the warm-start residual,
dropout, and normalization:

(21)

Q"2 = LN(Q + Dropout (a(Y - Q))). (22)

The bank is rebuilt from the current regional
states at each cross layer. Decoder cross layers and
DSSA use the shared decoder operator instance;
the LGDI operator is separate when its input
width differs.

3.4 Depth-wise Selective Scan
Aggregation

Let X; € RBXNaXD he the query tensor at
decoder depth I, I = 1,..., L. Unlike point-token
order, this depth order is intrinsic to the decoder.
For each scene, the code forms a three-scalar
descriptor and adds its projection to every layer:

vp = [rms([lp — ¢fl2),std([lp — ¢l2), log(1 + Ny)],

X; = X; + WeceneUs.
(23)



For a batch of B scenes, v, € R? and Wieene €
RP*3 50 X; € RBXNaxD The positive transition
step, decay, and candidate state are

A = Softplus(WA)zl +ba),

A = Softplus(Ag),

ay = exp[— clamp(A; ® A, 0,20)],
U = W,X,.

(24)

The active dimensions are Wa € RPXP pa €
RD, W, € RDXD, and A, ap,U; € RBXNgx D,
The learned decay vector \g € RP is broadcast
over batch, query, and depth indices. The two
directional recurrences are

H' =aqoH?,+(1—a)0U, Hy =0,
H =qoH +(1-o)0U, Hp,=0.
(25)

The directional states are fused with a feature-
wise gate:

Rl :U(Wr[Hl*);Hl(i;Xl] —‘rbr), (26)
T)=R 0OH +(1—-R)®H.

Here W, € R3P*P and b, € RP, giving R;, T} €
RBXNaxD The terminal scores are scalar for each
depth and query, w; is normalized over [, and T €
RBXNexD TFor the terminal read, the final layer
X1, scores every trajectory state. With the same
chart C as above,

(I, X1)
VD

- (27)
w; = Softmax;(a;), T = ZwlTl,
=1

= +A(C(T1), C(XL)p

Y =X+ Fdepth(T)~

The depth map Fyepth : RP -5 RP i implemented
by a bias-free D — D linear layer, LayerNorm,
GELU, and a second bias-free D — D linear
layer, applied independently to each batch/query
row. The last projection in Fyepen is initialized
with a small standard deviation. The DSSA wrap-
per then blends Y with X using its auxiliary
coefficient, and the decoder applies its configured
aggregation weight. This is an SSM-inspired stable
transition along decoder depth, rather than a full
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Mamba block: the implementation has no inde-
pendent input/output B and C parameter fields
and never scans raw point tokens.

The stability statement is limited to the tran-
sition coefficients. Since A; = Softplus(-) > 0 and
A = Softplus(Ag) > 0, the implementation gives
e=20 < q; < 1. Each directional update is there-
fore a bounded interpolation between the previous
state and the current candidate, and the termi-
nal weights satisfy w; > 0 and ), w; = 1. This
does not imply a global Lipschitz bound for the
trained network or invariance of the final segmen-
tation output; those properties also depend on
the learned projections, voxelization, masks, and
prediction heads.

3.5 Prediction Heads

The refined query representation is passed to the
original unified prediction heads. The classifica-
tion head predicts instance or semantic classes, the
optional score head predicts objectness, and the
mask head forms query—feature inner products.
ScanNet decoders additionally use the semantic
head defined by the OneFormer3D configuration.
Auxiliary predictions remain available for itera-
tive training. No task-specific decoder or post-
processing module is introduced by COC; the
contribution is confined to regional integration,
query-state reading, and depth-wise refinement.

Overall distinction from existing methods.

COC follows one measure-kernel-state principle
at three axes with different order structures. LGDI
constructs a geometry-aware regional state from
an unordered sample measure; SAG-CA makes
that state query-addressable through a local read,
a compact global bank, and a feature-wise gate;
DSSA reuses the sequence of decoder states only
along the naturally ordered depth axis. The mod-
ules are complementary rather than mathemati-
cally indispensable: removing one path leaves a
valid OneFormer3D-style model, but removes the
representation supplied at its corresponding axis.
The cumulative ablation therefore measures con-
ditional effects in a nested design. The shared opti-
mization principle is to learn positive contribu-
tions and bounded state updates while preserving
the relevant order contract: permutation-invariant
sums for regional and state-bank construction,



masked support for iterative attention, and sta-
ble recurrence for decoder depth. Together these
operations provide different sufficient statistics to
the unchanged unified prediction heads without
imposing an arbitrary order on the point cloud.

4 Experiments

4.1 Experimental Setup

All experiments were conducted on a single
NVIDIA RTX 4090 GPU. The software environ-
ment was Ubuntu 22.04.5 LTS, PyTorch 1.13, and
CUDA 11.6. We evaluate the proposed method on
ScanNetV2 and S3DIS [66, 67], covering seman-
tic, instance, and panoptic segmentation. Entries
annotated with 4+ are means and standard devia-
tions over three independent runs; entries without
+ are single reported results unless explicitly
described as an aggregate protocol.
ScanNetV2. ScanNetV2 contains 1,613 recon-
structed indoor scenes, including 1,201 training
scenes, 312 validation scenes, and 100 hidden test
scenes. Following the common evaluation protocol,
instance segmentation is evaluated on 18 object
categories, while semantic and panoptic segmen-
tation additionally include “wall” and “floor” as
stuff classes.

S3DIS. S3DIS contains 272 scenes from six large-
scale indoor areas and 13 semantic categories.
For Area-5, the implementation trains on Areas
1, 2, 3, 4, and 6 and evaluates on Area 5. We
also report the standard 6-fold protocol, which
aggregates six held-out-area runs; the released
configuration directly specifies the Area-5 split.
Following the evaluator configuration, table, chair,
sofa, bookcase, and board are thing classes, while
the remaining categories are stuff classes.
Evaluation Metrics. For semantic segmenta-
tion, we report mean Intersection over Union
(mlIoU). For instance segmentation, we report
mean Average Precision (mAP), mAP5, and
mAP,5 when applicable. For S3DIS, we addition-
ally report mean Precision and mean Recall at IoU
threshold 50%, denoted as mPrecsg and mRecsg.
For panoptic segmentation, we report Panoptic
Quality (PQ), together with PQ™ for thing classes
and PQ®' for stuff classes.

Implementation Details. COC is implemented
in MMDetection3D following the OneFormer3D
pipeline [42]. The active configurations use
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AdamW and a polynomial learning-rate schedule
with power 0.9 for 512 epochs. The dataset-
specific optimizer settings are 1 x 10~ learning
rate and 0.1 weight decay for ScanNetV2, and
1.2 x 10~* learning rate and 0.05 weight decay
for S3DIS. ScanNetV2 uses a batch size of 4;
S3DIS uses a batch size of 2 with two-step gra-
dient accumulation, giving an effective batch size
of 4. ScanNetV2 applies random 3-D flips, full-
range rotation about the vertical axis, scaling,
translation, point jitter, color jitter, and elastic
distortion. S3DIS uses flips, scaling, translation,
point jitter, color jitter, and elastic distortion;
its active configuration sets the rotation range to
zero. ScanNetV2 uses the provided graph-based
superpoints with a 0.02-m voxel size, whereas
S3DIS uses 0.05-m voxelization followed by label-
free macro-voxel grouping with group size 2. The
loss weights are fixed within each dataset proto-
col and are not tuned separately for an individual
metric. Semantic, instance, and panoptic supervi-
sion are therefore evaluated under the same fixed
configuration for a given dataset.

Network and optimization settings.

Both dataset configurations use feature width
D = 256, eight attention heads, a feed-forward
hidden width of 1024, zero dropout, kernel rank
R, = 32, state-bank slots R; = 4, form rank
r = max(2,D/32) = 8, and ¢ = 107°. The
LGDI measure network has hidden width 128.
The parameter denoted by Ao in (24) is stored
as the decoder decay vector and is initialized to
zero; the step projection is initialized with zero
weights and bias —4, while the final integral and
depth projections use standard deviation 1073.
Both backbones use “min_spatial shape=128".
ScanNetV2 uses six decoder layers and point-
derived variable-length queries (the two learned
query counts are zero in the configuration).
S3DIS wuses three decoder layers with 400
instance queries and 13 semantic queries. The
ScanNet semantic loss weight is 0.2 and its
instance criterion weights are [0.5,1.0,1.0,0.5]
with non-object weight 0.1; the correspond-
ing S3DIS values are 5.0, [0.5,1.0,1.0,2.0], and
0.05. S3DIS additionally samples 100,000 points
per training block with block size 12, point-
sampling ¢ = 1072, and label-free macro-voxel
group size 2. The complete voxel/superpoint



settings are given by the active configuration
files “oneformer3d_1xb4_scannet.py” and “one-
former3d_1xb2_s3dis-area-5.py”.

The reported 4+ values are means and stan-
dard deviations from three independent runs. The
configuration files do not impose a single random
seed; the seed is therefore treated as a run-level
factor and should be recorded when reproducing
the results. ScanNetV2 results use the 512-epoch
checkpoint. For S3DIS, validation is performed
every eight epochs and checkpoints are selected
using the prescribed APj5y and mloU criteria
before final evaluation. All metrics for a dataset
are computed with the same fixed preprocessing,
model, and loss configuration. The implementa-
tion follows the MMDetection3D v1.1.0 frame-
work, and the complete dataset-specific configu-
ration files and source implementation define the
reported settings.

4.2 Operator-level Invariance and
Stability Checks

To separate mathematical contracts from end-
to-end robustness, we evaluate the active
geometric operator with fixed random fea-
tures and region assignments. The check uses
“torch.manual seed(0)”, D = 24, form rank 6, 32
samples in three regions, and the same ¢ = 1076
clamp as the model. For an output z, each entry
reports ||2/ — z||oo after transforming coordinates
while keeping features and region IDs fixed.
The permutation test jointly permutes features,
coordinates, and region IDs; the scale tests use
non-degenerate coordinates; and the degenerate
test sets all coordinates in a region to one point
and checks a translated copy. These are operator-
level checks rather than end-to-end segmentation
experiments. The numerical results are listed in
Table 1.

The numerical errors are at single-precision
round-off level for this synthetic operator test.
They verify permutation, translation, reflection,
and non-degenerate scale contracts for the radial
descriptors and contracted LGDI descriptors; the
state-bank row reports a separate permutation
check. They do not establish invariance of the
complete trained segmentation network, whose
features, voxelization, masks, and heads may
change under an input transformation. In par-
ticular, the S3DIS training configuration uses a
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Table 1 Numerical checks of geometric contracts
in the active operator.

Perturbation |1z — 2|l oo
Joint sample permutation 1.19 x 10— 7
Global translation 2.98 x 10~8
Proper rotation 0
Mirror reflection 0
Uniform scale x0.5 0
Uniform scale x2.0 0
Degenerate region + translation 0 (finite)
State-bank permutation 2.38 x 10~7

zero rotation range; the reported S3DIS scores
therefore do not constitute an empirical rotation-
robustness evaluation. A dedicated end-to-end
perturbation benchmark with fixed checkpoints is
required for that claim.

4.3 Experimental Results

Although the numerical gains over the One-
Former3D baseline are moderate for some individ-
ual metrics, COC improves the reported semantic,
instance, and panoptic scores under the cor-
responding evaluation protocols. The published
baseline values and our local reruns are reported
separately where applicable; cross-paper compar-
isons should therefore be read as reference points
rather than strictly controlled same-run compar-
isons.

4.3.1 Qualitative Analysis

Figures 5 and 6 provide qualitative results on
ScanNetV2 and S3DIS. The proposed model pro-
duces coherent semantic predictions for large stuff
regions such as walls and floors, while also distin-
guishing adjacent thing instances such as chairs,
tables, and boards. This is important for panop-
tic segmentation, where semantic consistency and
instance separability need to be handled at the
same time.

In object-dense indoor scenes, semantic pre-
diction can identify object categories but can-
not separate adjacent individuals by itself. The
query-based instance branch, enhanced by SAG-
CA, provides more discriminative object-level
responses, which helps separate nearby instances
with similar appearance. Meanwhile, the seman-
tic branch provides stable stuff-region predictions,
allowing the final panoptic output to combine
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Fig. 5 Qualitative visualization on the ScanNet dataset. The four columns show the ground truth, semantic prediction,

instance prediction, and panoptic prediction, respectively.
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Fig. 6 Qualitative visualization on the S3DIS dataset. The results show that the proposed model can jointly preserve
semantic consistency and separate adjacent object instances.

object-level separation with scene-level semantic
consistency.

For large planar structures with embedded
objects, such as boards on walls or furniture
near floors, the visualizations show relatively clean
boundaries. This observation is consistent with the
design of LGDI, which assigns positive, feature-
dependent weights to irregular samples before
regional aggregation. The visualization is qualita-
tive evidence of boundary behavior; it does not by
itself isolate the contribution of LGDI from the
backbone or prediction heads.

4.3.2 Feature Evolution Analysis

To inspect the learned representation, we visual-
ize the evolution of the sparse-backbone feature-
response intensity during training. For each point
or voxel, we compute the Lo norm of its back-
bone feature and render the resulting relative
magnitude as a heatmap. The color bar in Fig. 7
labels this display quantity “Relative Attention
Intensity”; the label denotes the relative back-
bone feature-response magnitude and does not
imply an attention weight. This quantity is nei-
ther the LGDI density d; nor the DSSA transition
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coefficient; it only shows an upstream feature sig-
nal that is subsequently processed by the learned
maps.

The early training stage exhibits scattered
responses, including activations on large flat
regions. Later responses are more spatially struc-
tured, with stronger signals often appearing near
object-rich or geometrically complex regions. This
trend is consistent with the use of learned feature-
dependent measures and depth transitions, but it
should not be interpreted as a direct attribution
of individual points to either module.

Therefore, the feature evolution visualization
supports the motivation of adaptive integra-
tion: point samples should not always contribute
equally to the regional state. Instead, samples
located in informative or geometrically complex
regions can be assigned stronger modulated con-
tributions, while redundant samples in smooth
regions can be suppressed.

4.3.3 Quantitative Analysis

Table 2 reports the ScanNetV2 comparison. COC
improves the listed OneFormer3D reference scores



Initialization Phase
(Epoch 1)

Differentiation Phase
(Epoch 10)

Refinement Phase
(Epoch 100)

Relative Attention Intensity

Fig. 7 Evolution of relative backbone feature-response intensity during training. The plotted intensity is the Lo norm of
the sparse-backbone feature at each point or voxel; the color-bar label “Relative Attention Intensity” denotes this display
quantity. High-response regions gradually concentrate on geometrically or semantically informative structures, while large

homogeneous background regions become relatively suppressed.

across the unified tasks, while the magnitude
varies by dataset and metric.

On ScanNetV2, as shown in Table 2, COC
improves over OneFormer3D in all reported
instance and panoptic metrics. Specifically,
mAPos5 increases from 86.4 to 87.2, mAP5 from
78.1 to 78.8, and mAP from 59.3 to 59.8. For
semantic segmentation, mloU improves from 76.6
to 77.4. For panoptic segmentation, PQ increases
from 71.2 to 72.0, with PQ® improved from 69.6
to 70.4 and PQ®" improved from 86.1 to 87.7.
Although Swin3D reports a slightly higher seman-
tic mloU, it does not provide the same unified
instance and panoptic evaluation in this table.
Therefore, COC provides a more balanced result
under the unified segmentation setting.

For S3DIS Area-5, Table 3 reports the compar-
ison with the published OneFormer3D reference.
The Area-5 table uses that published value for the
main comparison; the separate local baseline used
for ablations is identified below.

On S3DIS Area-5, Table 3 shows improve-
ments over the published OneFormer3D reference
on every listed metric. For instance segmentation,
mAPs5, increases from 72.0 to 73.4 (+1.4) and
mAP from 58.7 to 59.7 (+1.0). mPrecs( increases
from 79.7 to 81.0 (41.3) and mRecsq from 73.0 to
73.9 (4+0.9). COC reaches 73.8 mIoU for semantic
segmentation, which is the highest value among
the semantic entries listed in this table; these
cross-method values may use different training
and evaluation implementations. For panoptic seg-
mentation, PQ improves from 62.2 to 63.0 (40.8),
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with PQ™ increasing from 58.4 to 59.1 (+0.7) and
PQ® from 65.5 to 66.2 (+0.7).

The standard six-fold S3DIS comparison is
given in Table 4. It aggregates the held-out-area
runs and is interpreted separately from the Area-5
protocol.

The 6-fold S3DIS results in Table 4 report
aggregate performance across held-out areas.
Compared with OneFormer3D, COC improves
every listed metric: mAPsy from 75.8 to 76.9
(+1.1), mAP from 63.0 to 63.7 (40.7), mPrecs
from 82.3 to 84.1 (+1.8), mRecs( from 74.1 to 75.2
(+1.1), mIoU from 75.0 to 75.8 (4+0.8), PQ from
68.5 to 69.2 (+0.7), PQ™ from 61.5 to 61.9 (+0.4),
and PQ® from 74.5 to 75.6 (+1.1). Because this
protocol evaluates all held-out areas rather than
only Area 5, the table provides evidence that the
improvement is retained across the six standard
splits.

The quantitative results show that the pro-
posed framework improves the OneFormer3D ref-
erence across the reported unified tasks. LGDI
changes regional aggregation, SAG-CA combines
local and global query reads, and DSSA adds a
depth-wise refinement path. The gains are dis-
tributed across metrics rather than concentrated
in a single task, although the tables do not estab-
lish statistical significance for every comparison.

4.3.4 Ablation Studies

We conduct ablation studies on S3DIS Area-5 to
examine the contributions of the proposed mod-
ules and selected design variants. Unless otherwise



Table 2 Comparison of Segmentation Results on ScanNetV2

Method Year Instance Semantic Panoptic

’ . mAPs mAPs5 mAP mloU PQ PQ™" PQ*t
DKNet 23] 2022 76.0 66.7 508 - - - -
SoftGroup [47) 2022 78.9 67.6 45.8 - - - -
PBNet [48] 2023 789 705 54.3 - - - -
TD3D [46] 2024 81.9 71.2 47.3 - - - -
ISBNet, [49] 2023 82.5 73.1 54.5 - - - -
SPFormer [41] 2023 82.9 73.9 56.3 - - - -
Mask3D [40] 2023 83.5 73.7 55.2 - - - -
Point ASNL [43] 2020 - - - 63.5 - - -
Point Transformer [25] 2021 - - - 70.6 - - -
PointNeXt-XL [10] 2022 ; - . 715 - . -
PointMetaBase-XXL [11] 2023 - - - 72.8 - - -
Stratified Transformer [28] 2022 - - - 74.3 - - -
PointTransformerV2 [26] 2022 - - - 75.4 - - -
SceneGraphFusion [68] 2021 - - - - 31.5 30.2 434
TUPPer-Map [69] 2021 - - - - 50.2 47.8 71.5
Swin3D [70] 2025 76.4 63.2 - 77.5 - - -
OneFormer3D (base) [42] 2024 86.4 78.1 59.3 76.6 71.2 69.6 86.1
COC (Ours) - 87.2(+£0.2) 78.8 (£0.2) 59.8 (£ 0.1) 77.4(£0.1) 72.0 (£0.2) 70.4 (+0.2) 87.7 (£ 0.3)

Table 3 Comparison of Segmentation Results on the S3DIS Dataset (Area-5)

Method Year Instance Semantic Panoptic
mAP5 mAP mPrecsg mRecsg mloU PQ PQ”’ PQ*t
PointGroup [50] 2020 57.8 - 61.9 62.1 - - - -
DyCo3D [51] 2021 64.3 64.2 - - -
SSTNet [52] 2021 59.3 42.7 65.5 64.2 -
DKNet [23] 2022 70.8 65.3 ; ) ;
HAIS [53] 2021 711 65.0 - - -
TD3D [46] 2023 65.1 48.6 74.4 64.8 -
SoftGroup [47] 2022 66.1 51.6 73.6 66.6 -
PBNet [48] 2023 66.4 53.5 74.9 65.4 -
SPFormer [41] 2023 66.8 - 72.8 67.1 -
Mask3D [40] 2023 71.9 57.8 74.3 63.7 -
SegGCN [71] 2020 - - - - 63.6
PAConv [44] 2021 - - - - 66.6
PointTransformer [25] 2021 - - - - 704
PointNeXt-XL [10] 2022 - - - - 70.5
Point TransformerV2 [26] 2022 - - - - 71.6
Stratified Transformer [28] 2022 - - - - 72.0
Swin3D [70] 2025 58.6 - - - 72.5 - - -
OneFormer3D (Base) [42] 2024 72.0 58.7 79.7 73.0 72.4 62.2 58.4 65.5
COC (Ours) - 734 (£0.1) 59.7 (£0.1) 8.0 (+0.2) 73.9 (+0.2) 73.8 (+0.2) 63.0 (+0.1) 59.1 (+0.1) 66.2 (& 0.1)

Table 4 Comparison of Segmentation Results on the S3DIS Dataset (6-Fold Cross-Validation)

Method Year Instance Semantic Panoptic
mAPsg mAP mPrecsg mRecsg mloU PQ PQ" PQ*
PointGroup [50] 2020  64.0 - 69.6 69.2 - - - -
HAIS [53] 2021 732 694 - - - - - -
SSTNet [52] 2021 67.8 54.1 73.5 73.4 - - - -
DKNet [23] 2022 75.3 71.1 - - - - - -
TD3D [46] 2023  68.2 56.2 76.3 74.0 - - - -
SoftGroup [47] 2022 68.9 54.4 75.3 69.8 - - - -
SPFormer [41] 2023 69.2 - 74.0 71.1 - - - -
PBNet [48] 2023  70.6 59.5 80.1 72.9 - - - -
Mask3D [40] 2023  74.3 61.8 76.5 66.2 - - - -
PointTransformer [25] 2021 - - - - 73.5 - - -
PointNeXt-XL [10] 2022 - - - - 74.9 - - -
OneFormer3D (base) [42] 2024  75.8 63.0 82.3 74.1 75.0 68.5 61.5 745
COC (Ours) - 76.9  63.7 84.1 75.2 75.8 69.2 619 75.6
stated, the metric is semantic mloU. The main comparison in Table 3 adopts the published One-

Former3D value of 72.4 mloU. The cumulative
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ablation table uses a 72.4 mloU local baseline
and reports 74.0 mloU for the full COC config-
uration under the same protocol. SAG-CA and
DSSA have decoder-level switches in the active
implementation, whereas the LGDI comparison
changes the regional pooling path. The subse-
quent design-choice tables summarize separately
trained controlled variants; their labels describe
those variants and are not claims that every his-
torical option is exposed as a runtime flag in the
active configuration. Scores from these separate
tables should therefore not be interpreted as one
additive sequence.

The cumulative component configurations are
listed in Table 5 before their conditional effects
are discussed.

Table 5 reports nested configurations rather
than independent one-factor-at-a-time compar-
isons. The baseline in row 0 obtains 72.4 mlIoU.
Adding SAG-CA alone (row 1) gives 73.1, a
change of +-0.7; adding LGDI to that configuration
(row 2) gives 73.5, which is +0.4 over row 1 and
+1.1 over the baseline; adding DSSA (row 3) gives
the final 74.0, a further +0.5 over row 2 and +1.6
over the baseline. These differences are conditional
effects of the cumulative sequence and should not
be interpreted as isolated causal contributions.

The controlled SAG-CA design variants are
reported in Table 6. They are evaluated under the
same Area-5 protocol as the cumulative configu-
rations.

Table 6 compares controlled SAG-CA vari-
ants. In the active implementation, “Attn Pool-
ing” denotes learned slot assignment in the state
bank, and “Adaptive” denotes the feature-wise
local/global gate. The standard cross-attention
baseline reaches 72.4 mloU. Mean pooling with
fixed summation reaches 73.2, mean pooling with
the adaptive gate reaches 73.5, slot assignment
without a gate reaches 73.2, and the complete
slot-assignment variant with the adaptive gate
reaches 74.0. The controlled comparisons support
the combined use of learned state construction and
gated fusion in this setting, while the table should
not be read as a proof that either component is
independently necessary in every configuration.

The depth-aggregation variants evaluated for
DSSA are listed in Table 7.

Table 7 compares controlled depth-aggregation
variants. The weighted-sum baseline obtains 72.4
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mloU, while terminal read with random initial-
ization reaches 72.5. Adding bidirectional depth
evolution raises the score to 73.3, and using the
small-output initialization of the active imple-
mentation further raises it to 74.0. These con-
trolled results are consistent with benefits from
bidirectional depth evolution and the tested ini-
tialization, but they do not provide a separate
theoretical guarantee for either choice.

The regional pooling comparison for LGDI is
given in Table 8. In the formulas in this table,
x; € RP denotes the feature vector of the i-th sam-
ple in a region, N is the number of samples, and
w; > 0 denotes the learned scalar weight assigned
to that sample. Thus, scatter mean and scatter
max operate on the same feature vectors x;, while
linear weighting forms the weighted sum ), w;z;;
the table compares the mechanisms and reports
their measured mloU values.

Table 8 compares different superpoint pool-
ing strategies. Scatter mean achieves 72.4 mloU,
scatter max reaches 72.2; and linear weighting
improves the result to 73.5. The proposed LGDI
achieves the best result of 74.0 mloU, outper-
forming scatter mean by 1.6, scatter max by 1.8,
and linear weighting by 0.5 mlIoU. These results
support the effectiveness of the proposed positive-
measure integral for regional aggregation under
this protocol.

Taken together, the ablations are consistent
with the intended design: learned positive-
measure aggregation improves over simple
regional statistics, the state-bank variants benefit
from feature-wise local/global fusion, and bidi-
rectional depth evolution improves the decoder
trajectory under the tested protocol. These con-
trolled comparisons support the module design
without implying that every gain is independent
or statistically significant.

5 Conclusion

In this paper, we revisited unified 3D indoor
scene segmentation from the perspective of dis-
cretized integration and state evolution, and pro-
posed Calculus on Clouds (COC), a hybrid SSM—
Transformer framework built upon OneFormer3D.
COC targets three bottlenecks of existing uni-
fied segmentation systems through lightweight



Table 5 Impact of Core Components on the S3DIS Area-5 Benchmark

ID Base Model SAG-CA LGDI DSSA mloU (%)
0 Baseline - - - 72.4
1  Baseline v - - 73.1
2  Baseline v v - 73.5
3  Baseline v v v 74.0

Table 6 Design Choices in the SAG-CA Module on S3DIS Area-5

ID Method Global Aggregator Fusion Gate mloU (%)
1 Standard Cross-Attention - - 72.4
2 SAG-CA (Mean, Fixed) Mean Pooling Fixed Sum 73.2
3 SAG-CA (Mean, Gated) Mean Pooling Adaptive 73.5
4 SAG-CA (Slot, No Gate)  Attn Pooling - 73.2
5 SAG-CA (Ours) Attn Pooling Adaptive 74.0
Table 7 Controlled Depth-Aggregation Variants for DSSA on S3DIS Area-5
ID Aggregation Base SSM Enhancement Initialization mloU (%)
1 Weighted Sum - - 72.4
2 Terminal Read - Random 72.5
3  Terminal Read Bi-directional Random 73.3
4  Terminal Read Bi-directional Small-Output-Init 74.0
Table 8 Comparison of Regional Aggregation Strategies for LGDI on S3DIS Area-5
ID Pooling Method =~ Mechanism mloU (%)
1 Scatter Mean & 2T 72.4
2 Scatter Max max(z;) 72.2
3 Linear Weighting > (w; - z;) 73.5
4 LGDI (Ours) Positive-measure integral 74.0

and complementary modules. Lean Gated Dis-
cretized Integration (LGDI) reformulates super-
point pooling as a learnable discretized integration
over irregular samples, replacing fixed statistics
with adaptive modulation and positive scalar
densities. State-Aware Gated Cross-Attention
(SAG-CA) augments local cross-attention with
a query-addressable global state branch, so that
each query can read scene-level context through
learned state modulation. Depth-wise Selective
Scan Aggregation (DSSA) models the decoder-
layer query trajectory as a short bidirectional state
evolution, allowing the final prediction to bene-
fit from both shallow geometric cues and deep
semantic refinement.

Experiments on ScanNetV2 and S3DIS show
improvements over the reported OneFormer3D
references across semantic, instance, and panoptic
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metrics. The ablations are consistent with com-
plementary effects from positive-measure regional
aggregation, state-bank fusion, and bidirectional
depth evolution, while the controlled comparisons
do not establish independent causal effects for
every design choice. Because the added paths are
lightweight relative to the backbone and decoder,
COC remains compatible with unified indoor 3-D
perception pipelines.

Several limitations remain and point to future
work. First, the current evaluation is restricted to
indoor benchmarks; extending COC to large-scale
outdoor and dynamic scenes, such as autonomous-
driving LiDAR, would better validate the gener-
ality of the discretized-integration view. Second,
future work may explore deployment-oriented effi-
ciency under different hardware settings, including
FLOPs, memory footprint, and on-device latency



on resource-constrained platforms. Third, the pro-
posed modules adopt SSM-inspired discretization
in three targeted places rather than a full sequen-

tial

state model, and a deeper integration of

state-space modeling with geometric neighbor-
hood structure is a promising direction. We hope
that the integration- and state-evolution-based
viewpoint introduced here offers a useful comple-
ment to attention-centric designs for irregular 3D
point cloud understanding.
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