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Abstract
Instance-level roof-to-footprint offset (RFO) prediction is
central to extracting building footprints from off-nadir im-
agery. Query-based pipelines usually carry a generic high-
dimensional instance embedding to an offset terminal whose
output is only a signed two-dimensional displacement. We
study whether this task-specific terminal can instead be com-
pact. Under local pinhole projection and vertical-extrusion
assumptions, the idealized RFO map admits a seven-variable
sufficient descriptor. We use this factorization only to mo-
tivate a candidate neural width: learned token coordinates
remain latent and are not assigned physical meanings or as-
serted to be equivalent to the physical variables. Based on
this distinction, we propose LoDEOT, which retains high-
dimensional queries for detection and segmentation but maps
decoder-query, quality-gated roof, and box–mask evidence
to a low-dimensional offset token followed by an indepen-
dent two-dimensional readout. Known denoising-query target
indices further align each supervised decoder-layer estimate
with the same clean instance RFO, organizing successive pre-
dictions as target-aligned recovery under perturbed query con-
ditions. On BONAI, LoDEOT achieves the best roof-detection
bAP and bAP50 among the end-to-end methods and leads all
five offset-corrected footprint metrics, with FAP50 reaching
49.91 and mEPE reduced to 5.24 pixels. A 17-setting width
sweep supports seven as a favorable performance–terminal-
complexity choice under the evaluated single-seed protocol,
without claiming uniqueness or universal optimality.

1 Introduction
Accurate building footprints support urban mapping, pop-
ulation analysis, disaster response, and three-dimensional
city modeling. Raster segmentation and polygonal extraction
have substantially improved building delineation (Maggiori
et al. 2017; Demir et al. 2018; Ji, Wei, and Lu 2019; Li et al.
2021; Girard et al. 2021), but off-nadir imagery introduces
a distinct geometric ambiguity: viewing direction and build-
ing height displace a visible roof from its ground outline
in the image plane. A roof mask alone is therefore not an
accurate footprint. The signed roof-to-footprint offset (RFO)
explicitly links the projected roof to the footprint, directly
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affects footprint localization and boundary quality, and also
supports height estimation, LoD2-level modeling, and map
correction (Wang et al. 2022; Li et al. 2024b).

RFO prediction has progressed from convolutional roof–
offset branches (Wang et al. 2022) to prompt-driven and
query-based instance models (Li et al. 2024a,b, 2025). These
methods improve observations, supervision, or output struc-
ture, yet the terminal representation used to predict the offset
itself remains largely unexamined, e.g., commonly used 256,
512, 1024 dimensions for token design. A generic instance
query must stay expressive for classification, localization,
and segmentation; forcing the task-specific offset route to
inherit the same width adds width-dependent terminal pa-
rameters and leaves roof appearance, mask reliability, and
box–mask asymmetry only implicitly available. The issue is
not whether to compress the shared query, but whether the
RFO route can be decoupled into a compact terminal without
reducing the capacity of the other heads.

Two observations guide our design. First, under lo-
cal pinhole-camera and vertical-extrusion assumptions,
principal-point cancellation, coordinate gauges, and scale
coupling factor the idealized RFO map through seven vari-
ables. This result is a width-selection prior, not an identifi-
cation theorem for a neural representation: the learned chan-
nels need not correspond to physical variables, and seven
is not asserted to be unique, minimal, or universally op-
timal. Second, a Transformer decoder produces successive
instance-conditioned estimates. Denoising queries retain tar-
get indices under label/box perturbations (Li et al. 2022;
Zhang et al. 2023; Li et al. 2023); those indices can align
every supervised layer with the same clean RFO without
another Hungarian assignment.

We consequently propose LoDEOT. High-dimensional de-
coder queries continue to serve the class, roof-mask, and
roof-box heads. At each layer, a mask-guided OffsetHead
combines the current query with quality-gated position-
aware roof evidence and box–mask spatial cues, maps this ev-
idence to a compact token, and uses a separate linear readout
for the signed two-dimensional RFO. The predicted vector
translates the roof mask into the footprint. During training,
target-indexed denoising supervision binds successive esti-
mates to the same clean instance offset, giving the layer-wise
outputs an error-recovery interpretation without recurrently
propagating a single offset token.



Experiments examine the design from four complemen-
tary views. On BONAI (Wang et al. 2022), LoDEOT achieves
the best roof-detection bAP and bAP50 scores among the
end-to-end methods and leads all five offset-corrected foot-
print metrics, reaching 49.91 FAP50 and a 5.24-pixel mEPE.
Across 17 tested widths, d = 7 ties for the best Footprint
AP50, gives the best F1, and uses 46.7% of the width-
dependent terminal parameters of d = 15. Target-indexed
denoising improves every reported ablation metric, while
the largest cumulative source set gives the best five-domain
macro-average. These results support a favorable candidate
under the reported protocols rather than a universal optimum
or causal scaling law.

The contributions of this work are threefold:
1. We analyze the idealized RFO map and obtain an exact

seven-variable sufficient descriptor under stated imaging
assumptions, using it only to propose a geometry-inspired
candidate width for the neural offset terminal.

2. We introduce LoDEOT, preserving high-dimensional
multitask queries while decoupling RFO prediction into
a compact, mask-guided terminal; the width sweep quan-
tifies its performance–terminal-complexity trade-off.

3. We formulate target-indexed layer-wise RFO denoising,
using known query–target identities to supervise succes-
sive recovery of the same clean instance offset without
additional matching.

2 Related Work
Raster and Polygonal Building Extraction. Building ex-
traction has progressed from semantic raster prediction on
cross-city and large-scale benchmarks (Maggiori et al. 2017;
Demir et al. 2018; Ji, Wei, and Lu 2019) to explicit geomet-
ric outputs. Polygon-RNN++ recurrently predicts vertices
and refines them with graph reasoning (Acuna et al. 2018);
joint semantic–geometric learning combines masks, corners,
and edge orientations (Li et al. 2021). Frame Field Learn-
ing predicts contour directions for polygonization (Girard
et al. 2021), whereas PolyWorld learns vertex connectivity
through graph reasoning and differentiable matching (Zorzi
et al. 2022). CVNet evolves building contours (Xu et al.
2022); BuildMapper learns initialization, deformation, and
vertex reduction (Wei et al. 2023); and HiSup couples ver-
tex, boundary, and mask supervision (Xu et al. 2023). Poly-
Building uses polygon queries and fixed-length point se-
quences (Hu et al. 2023), while Pix2Poly generates polygon
vertices and connectivity as a sequence (Adimoolam, Poullis,
and Averkiou 2025). These methods improve boundary ge-
ometry but do not directly resolve the roof–footprint dis-
placement specific to off-nadir imagery.

Off-Nadir Roof-to-Footprint Learning. LOFT jointly
predicts roof masks and RFOs and introduced BONAI (Wang
et al. 2022); a multi-label ViT jointly models footprints, roofs,
and visible building shapes (Neupane et al. 2025). OBM
makes roof/offset extraction prompt driven (Li et al. 2024a),
MLS-BRN uses multi-level supervision and a roof-offset-
guided footprint extractor (Li et al. 2024b), and PolyFootNet
combines direct polygon prediction with mask prompting

and self-offset attention (Li et al. 2025). Building on the
promptable Segment Anything Model (Kirillov et al. 2023),
RBF-SAM improves robustness to prompt type and qual-
ity (Li et al. 2026b). These advances change observations,
outputs, or supervision. LoDEOT instead studies the capac-
ity of the offset terminal itself. LOFT and MLS-BRN are
the directly comparable roof-mask/RFO baselines under the
reported BONAI protocol; prompt-dependent and polygon-
output methods use different interfaces or evaluation settings.

Query-Based Representation and Denoising. Instance
segmentation progressed from Mask R-CNN’s region-
conditioned mask branch (He et al. 2017) to QueryInst’s
shared queries for categories, boxes, masks, and associa-
tions (Fang et al. 2021). DETR formulates detection as set
prediction with object queries and bipartite matching (Car-
ion et al. 2020); Conditional, Deformable, and DAB-DETR
spatially condition them through conditional queries, sparse
reference-point sampling, and dynamic anchors (Meng et al.
2021; Zhu et al. 2020; Liu et al. 2022). MaskFormer uses
mask classification, and Mask2Former restricts attention to
predicted mask regions (Cheng, Schwing, and Kirillov 2021;
Cheng et al. 2022). DN-DETR reconstructs perturbed la-
bels and boxes with known correspondence (Li et al. 2022);
DINO adds contrastive denoising (Zhang et al. 2023), and
Mask DINO unifies detection and segmentation with mask-
enhanced denoising (Li et al. 2023). Existing denoising ob-
jectives focus on classes, boxes, and masks. LoDEOT re-
generates a compact offset token from current evidence at
each layer and uses predetermined denoising identities to
supervise the same clean RFO consistently.

3 Method
LoDEOT (Low-Dimensional and Efficient Offset Tokens)
jointly predicts roof instances and their signed roof-to-
footprint offsets (RFOs). Section 3.1 defines the task and
architecture, Section 3.2 develops the physical factoriza-
tion used only to propose a candidate token width, Sec-
tion 3.3 constructs the mask-guided compact terminal, and
Section 3.4 explains the denoising motivation, target-indexed
layer-wise RFO supervision and the learning objective.

3.1 Overall Architecture
Given an off-nadir image I, an image encoder and an L-layer
instance decoder produce K query-indexed predictions:

Ŷ = {(ĉq, b̂q, m̂
r
q, δ̂q)}Kq=1,

δn = ub(n)− ur(n).
(1)

Here ĉq , b̂q , and m̂r
q are the class, roof box, and roof mask,

while δ̂q ∈ R2 points from the projected roof reference
point ur to the footprint reference point ub. Thus, translating
the predicted roof contour by the positive RFO yields the
footprint. The shared queries remain high dimensional for
the multitask heads; only OffsetHead maps current instance
evidence through a configurable low-dimensional terminal.

Figure 1 separates these two representation roles. The im-
age encoder and L-layer decoder retain the capacity needed
to distinguish instances and support class, box, and mask
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Figure 1: LoDEOT architecture. High-dimensional decoder queries feed the classification, roof-mask, and roof-box heads. At
each layer, OffsetHead fuses the decoder-query feature, a quality-gated roof feature, and a box–mask spatial feature, maps them
to a compact token, and reads out the signed 2-D RFO used to shift the roof mask. The upper-left path motivates seven as
a candidate token width; this geometric motivation provides a width-selection prior rather than a one-to-one correspondence
between physical variables and learned channels. During training, perturbed denoising queries retain their instance indices,
allowing per-layer RFO estimates to share the same clean RFO target.

prediction. OffsetHead is attached to each decoder layer
and compresses only the evidence used by the final two-
coordinate RFO readout. Consequently, the width analysis
below concerns this task-specific terminal rather than the di-
mensionality of the shared decoder or of the entire detector.

3.2 Geometry-Inspired Candidate Width
Off-nadir projection displaces the visible roof from the build-
ing footprint. The displacement depends jointly on cam-
era intrinsics, relative camera–building pose, and building
height, but not every coordinate of that physical description
remains observable in the image-plane difference. We factor
the forward map to identify a compact physically motivated
candidate width; the learned terminal is then evaluated inde-
pendently by the width sweep in Section 4.4.

Explicit physical offset computation. Within a local in-
stance neighborhood, let B ∈ R3 be a footprint reference
point, C ∈ R3 the camera center, g ∈ S2 the world-vertical
direction, and H > 0 the building height. Vertical extrusion
gives the roof point B + Hg, while the relative camera–
building vector r = B − C removes the arbitrary world
origin. Let R ∈ SO(3) map world directions to the camera
frame. A general pinhole intrinsic matrix K contains focal
scales fx, fy , principal point (cx, cy), and image-axis skew
κ. With π([a, b, c]⊤) = [a/c, b/c]⊤, the two projections and
their signed difference are

ub = π(KRr),

ur = π(KR(r+Hg)) ,

δ = ub − ur = Φ(K,R, r, H).

(2)

The unconstrained local state has twelve coordinates: five

intrinsics, three rotation coordinates, three components of r,
and H .

Seven-variable factorization of the physical map. De-
fine camera-frame vectors ξ = Rr = (X,Y, Z)⊤ and
ν = Rg = (νx, νy, νz)

⊤ ∈ S2, normalized coordinates
x = X/Z, y = Y/Z, and relative height ρ = H/Z. For
visible roof and footprint points, Z > 0 and Z +Hνz > 0.
Subtracting their projections yields

δx =
ρ

1 + ρνz
[fx(xνz − νx) + κ(yνz − νy)], (3)

δy =
fyρ

1 + ρνz
(yνz − νy). (4)

The principal point cancels from the difference, reducing
twelve coordinates to ten. The remaining pose enters only
through Rr and Rg: for any rotation Q that preserves g,
(R, r) 7→ (RQ⊤,Qr) leaves both vectors unchanged, so a
one-dimensional horizontal-frame gauge reduces the count
to nine. Joint scaling (r, H) 7→ (λr, λH) preserves (x, y, ρ)
and removes absolute metric scale, leaving eight.

The last reduction couples common focal scale and relative
height. With focal anisotropy a = fx/fy , normalized skew
κ̃ = κ/fy , and composite magnitude γ = fyρ/(1 + ρνz),

δ = γ

[
a κ̃
0 1

] [
xνz − νx
yνz − νy

]
. (5)

Equivalently, for any µ > 0 satisfying µ+ (µ− 1)ρνz > 0,
setting A′ = µA for A =

[ fx κ
0 fy

]
and ρ′ = ρ/[µ + (µ −

1)ρνz] preserves the offset because
ρ′

1 + ρ′νz
A′ =

ρ

1 + ρνz
A. (6)



Thus the common focal scale and ρ contribute only through
γ. If (θ, φ) is a nonsingular local coordinate chart for ν ∈
S2, the exact dimensional reduction and a sufficient seven-
variable descriptor on the visibility domain are

12
−2 principal point−−−−−−−−−−−→ 10

−1 horizontal gauge−−−−−−−−−−−−→ 9,

9
−1 metric scale−−−−−−−−−−→ 8

−1 focal−height−−−−−−−−−−→ 7,

η7 = (a, κ̃, x, y, γ, θ, φ), δ = Φ7(η7).

(7)

In particular, η7 ∈ D7 ⊂ R7 is sufficient for the signed
physical RFO under the stated local pinhole-camera, vertical-
extrusion, and visibility assumptions. Sufficiency here char-
acterizes the physical forward map: it does not make the
descriptor identifiable from one image, nor does it establish
that a neural predictor requires exactly seven channels.

Relation between physical and neural routes. The physical
route η7 7→ δ is an explicit image-formation factorization.
The neural route maps image/query evidence to a learned
token o

(ℓ)
q and to δ̂

(ℓ)
q . They share only the signed 2-D out-

put. We therefore use seven as a geometry-inspired candi-
date width and do not assign learned coordinates physical
meanings or claim equivalence, identifiability, uniqueness,
or minimality.

3.3 Mask-Guided Compact Offset Terminal
Position-aware roof evidence. The mask feature map Fij ∈
Rdm is bilinearly resized to at most S × S and augmented
with sinusoidal position encoding. For query q, detached
mask logits are passed through a sigmoid and normalized,
after which the attention pools roof-region features:

F̃ij = Fij + PEsin(i, j),

Aqij =
σ(sg(m̂qij))∑

i′,j′ σ(sg(m̂qi′j′)) + ϵ
,

pq =
∑
ij

AqijF̃ij , fq = ffeat(pq).

(8)

The stop-gradient operator prevents the offset loss from
changing mask logits while leaving the feature branch train-
able. This separation avoids using RFO regression as an
indirect mask-logit objective, while still allowing the pooled
feature representation to adapt. During training, a randomly
sampled query subset receives zero-mean Gaussian pertur-
bations on the unnormalized mask weights, followed by clip-
ping to [0, 1], to simulate incomplete roofs.

Mask quality and box–mask geometry. For actual pooling
size Hs × Ws, attention concentration defines a scalar re-
liability score, and the same attention distribution gives the
normalized roof centroid:

sq = max
ij

Aqij exp

[
−H(Aq)

HsWs

]
,

H(Aq) = −
∑
ij

Aqij log(Aqij + ϵ),

(x̄q, ȳq) =
∑
ij

Aqij(xij , yij).

(9)

The maximum attention weight favors a concentrated re-
sponse, whereas the spatially scaled entropy term penalizes
diffuse support. Multiplying them makes the roof feature and
the centroid asymmetry less influential when the inferred
roof region is spatially uncertain; it does not introduce a sep-
arate quality-prediction target. For detached reference box
b̂q = (bqx, b

q
y, b

q
w, b

q
h), the quality-weighted centroid asym-

metry and spatial feature are

dbm
q = sq(x̄q − bqx, ȳq − bqy),

ζq = fsp([b̂q∥(x̄q, ȳq)∥dbm
q ]).

(10)

Compact token and readout. At decoder layer ℓ, current
query feature h

(ℓ)
q , quality-gated roof evidence, and spatial

evidence generate a fresh token:

x(ℓ)
q = [h(ℓ)

q ∥sqfq∥ζq],

o(ℓ)
q = ftok(x

(ℓ)
q ) ∈ Rd,

δ̂(ℓ)q = fout(o
(ℓ)
q ) ∈ R2.

(11)

We set d = 7 by default and replace only this terminal
width in the sweep. The ffeat, fsp, ftok, and fout contain
the four width-dependent projections counted in Section 4.4.
The independent map fout : Rd → R2 keeps token capacity
distinct from the fixed RFO output dimension. OffsetHead
is the evidence construction for compact tokenization, rather
than a set of separately claimed modules.

3.4 Target-Indexed Layer-Wise RFO Supervision
The denoising motivation is to train layer-wise RFO esti-
mates from perturbed queries while keeping each instance’s
clean RFO target fixed. Each ground-truth instance is repli-
cated into denoising groups. Perturbed labels and reference
boxes produce queries isolated from matching queries by an
attention mask, while their construction-time target indices
remain fixed. These indices align every supervised layer with
the same clean signed RFO without another Hungarian as-
signment. Hence the successive estimates are target aligned,
but they are not a recurrent update sequence and the for-
mulation does not assume monotonic error reduction across
layers. For the recorded initial output only, a fixed column-
orthonormal map lifts a valid 2-D RFO to seven dimensions
before additive or multiplicative perturbation; this value is
not propagated, and later layers estimate RFOs from their
current evidence.

For binary validity indicator vn, matched pairs M(ℓ),
known target-indexed denoising pairs M(ℓ)

DN, supervised
layer set SDN, denoising-group count sDN, and layer weight
ωℓ, the layer-wise offset objectives are

e
(ℓ)
δ (q, n) = vn

∑
k∈{x,y}

SmoothL1β=1(δ̂
(ℓ)
q,k − δn,k),

L(ℓ)
δ =

1

Ngt

∑
(q,n)∈M(ℓ)

e
(ℓ)
δ (q, n),

Lδ,DN =
∑

ℓ∈SDN

ωℓ

NgtsDN

∑
(q,n)∈M(ℓ)

DN

e
(ℓ)
δ (q, n).

(12)



Here vn = 1 only when target n has a valid offset annotation;
M(ℓ) andM(ℓ)

DN are respectively the Hungarian-matched and
known denoising pairs. The set SDN selects supervised de-
noising outputs, while sDN and ωℓ denote the number of
denoising groups and the layer weight. Hungarian assign-
ment augments the standard classification, point-sampled
mask BCE/Dice, box L1, and GIoU costs with the valid
two-dimensional offset distance:

Cmatch = λm
clsCcls + λm

maskCmask + λm
diceCdice

+ λm
boxCbox + λm

boxλ
m
δ Cδ + λm

giouCgiou.
(13)

The offset matching term Cδ is the two-dimensional L1 dis-
tance, evaluated only for valid RFO annotations. It associates
roof predictions with targets using displacement as well as
class, mask, and box evidence. Matched outputs use

L(ℓ)
set = λclsLcls + λmaskLmask + λdiceLdice

+ λboxLbox + λgiouLgiou + λδL(ℓ)
δ .

(14)

The final decoder output, auxiliary decoder outputs, and two-
stage encoder candidates receive the corresponding set loss;
denoising outputs additionally use Lδ,DN.

Offsets are stored in original-image pixels and transformed
as vectors. If geometric augmentation T produces width Wa

and height Ha, then

δaug = T (δpx)− T (0), δ = α

(
δaugx

Wa
,
δaugy

Ha

)
. (15)

Subtracting the transformed origin cancels translation while
retaining scaling, reflection, and rotation; α controls the nor-
malized scale. Inverse normalization and geometric transfor-
mation recover the pixel-space RFO at inference.

4 Experiments
4.1 Experimental Settings
Datasets. We use five named data sources. BONAI (Wang
et al. 2022) supports the main comparison, IRSA (Meng et al.
2025) the ablations, and BONAI, IRSA, WHU (Ji, Wei, and
Lu 2019), and UAV (Li et al. 2026a) the cumulative-source
study; Huizhou (Li et al. 2024a) is held out from training for
cross-domain evaluation.

Implementation Details. Unless stated otherwise, single-
source models use an ImageNet-22K-pretrained Swin-Base
backbone (Liu et al. 2021), nine decoder layers, 300 queries,
and d = 7. We optimize with AdamW (Loshchilov and
Hutter 2017) for 35 epochs on six NVIDIA RTX 3090 GPUs.
Inputs use a 768 × 768 canvas with scale jittering, flipping,
and rotation. Configurations within each ablation share the
same data split and training protocol.

Evaluation Metrics. Following the roof-mask/RFO proto-
col (Wang et al. 2022; Li et al. 2024b), bAP/sAP evaluate roof
detection/instance segmentation and bAP50/sAP50 use IoU
0.5. FAP50 and best-threshold F1 evaluate offset-corrected
footprints, while Boundary IoU (B-IoU) measures bound-
ary consistency. Mean endpoint error (mEPE) is the average
pixel-space RFO endpoint error; PCP@5 is the percentage
below five pixels. Higher is better except for mEPE.

LOFT  MLS-BRNCas.LOFT Ours

Figure 2: Qualitative comparison of LOFT, Cas.LOFT, MLS-
BRN, and LoDEOT (ours) on three representative BONAI
scenes. Each row shows the same scene across methods, and
each column corresponds to one method.

4.2 Comparison with Existing Methods
Table 1 compares LoDEOT with two externally guided meth-
ods and three existing end-to-end baselines on BONAI.
OBM (Li et al. 2024a) and PolyFootNet (Li et al. 2025) use
masks predicted by LoDEOT as instance-level guidance and
are included only as supplementary references. In contrast,
LOFT (Wang et al. 2022), CAS-LOFT (Li et al. 2024a),
and MLS-BRN (Li et al. 2024b) are automatic end-to-end
methods. These are previously reported baselines with di-
rectly comparable roof-mask and signed-RFO outputs. Be-
cause the systems also differ in architecture and training, the
table supports a task-level comparison rather than attribut-
ing every gain to the compact prediction terminal. Figure 2
complements the numerical results with representative visual
comparisons among the end-to-end methods.

Among the end-to-end methods, LoDEOT achieves the
best bAP and bAP50 scores. Compared with LOFT,
CAS-LOFT, and MLS-BRN, it improves bAP/bAP50 by
18.51/12.29, 13.21/3.74, and 13.56/3.56 points, respectively.
Roof segmentation is the trade-off: CAS-LOFT obtains the
highest sAP and sAP50, while LoDEOT’s corresponding
scores are 5.99 and 9.97 points lower. For offset-corrected
footprints, LoDEOT obtains 49.91 FAP50, 56.43 F1, 11.19
B-IoU, a 5.24-pixel mEPE, and 64.06% PCP@5, leading
all five metrics. Because the guidance for OBM and Poly-
FootNet is derived from masks produced by LoDEOT, these
two externally guided methods are included only as sup-
plementary references. Nevertheless, LoDEOT outperforms
both methods on all their reported metrics. The joint pattern
indicates stronger roof localization and RFO recovery, but
not uniformly better roof masks.

4.3 Cumulative Multi-Source Training and
Cross-Domain Evaluation

We construct cumulative levels BONAI (L1),
BONAI+IRSA (L2), BONAI+IRSA+WHU (L3), and



Method Roof Detection and Segmentation Offset-Corrected Footprint
bAP↑ bAP50↑ sAP↑ sAP50↑ FAP50↑ F1↑ B-IoU↑ mEPE↓ PCP@5↑

Externally Guided Methods
OBM (Li et al. 2024a) – – 12.59 36.71 22.21 41.72 9.25 5.72 53.68
PolyFootNet (Li et al. 2025) – – 8.91 33.18 18.76 39.75 7.32 6.54 44.71
End-to-End Methods
LOFT (Wang et al. 2022) 10.50 42.90 21.00 59.50 37.73 49.64 8.78 5.65 57.74
CAS-LOFT (Li et al. 2024a) 15.80 51.45 30.21 63.25 47.02 55.60 11.12 5.52 60.76
MLS-BRN (Li et al. 2024b) 15.45 51.63 30.20 62.81 42.73 53.99 11.17 5.67 61.02
LoDEOT(Ours) 29.01 55.19 24.22 53.28 49.91 56.43 11.19 5.24 64.06

Table 1: Performance comparison of externally guided and end-to-end methods on the BONAI test set. The best results among
the end-to-end methods are highlighted. All metrics are percentages except mEPE, which is measured in pixels. The arrows
indicate whether a higher or lower value is preferable.

BONAI+IRSA+WHU+UAV (L4), and evaluate each on
all four sources plus unseen Huizhou. Table 2 reports
sAP50/FAP50 and their unweighted five-domain averages.

Each added source gives its largest immediate FAP50 gain
on its own domain: IRSA rises from 8.77 at L1 to 48.76 at
L2, WHU from 26.60 at L2 to 96.08 at L3, and UAV from
22.65 at L3 to 41.75 at L4. The trajectory is not monotonic
across domains: IRSA and WHU peak at L2/L3, whereas
BONAI, UAV, and unseen Huizhou peak at L4. L4 gives the
best macro-average, 56.83 sAP50 and 53.64 FAP50, improv-
ing L1 by 20.86/20.22 points; Huizhou improves by 3.41/1.11
points. Source composition, sample count, and training expo-
sure change together, so this is descriptive cumulative-source
evidence rather than a controlled scaling law.

For a descriptive diagnostic, we apply SVD to final off-
set latents of commonly matched instances. The first two
components explain at least 99.9678% of variance for every
domain–level pair; mean cross-domain top-two principal an-
gles for L1–L4 are 0.67◦, 0.79◦, 1.16◦, and 1.31◦. Thus the
learned coordinates share a similar dominant linear subspace
while cumulative training redistributes energy therein. This
concentration does not make d = 2 sufficient: SVD mea-
sures variance after nonlinear evidence mapping, whereas
the width sweep tests predictive/optimization capacity with
substantially lower FAP50/F1. We do not interpret these acti-
vations as physical channels or identifiable latent semantics.

4.4 Ablation Studies
All ablations use the same IRSA split and protocol. Each
width is evaluated with one seed, so differences are sensitivity
results for this setting rather than significance estimates.

Offset-Token Width. Table 3 tests 17 widths: d ∈ [2, 16]∪
{32, 64}. Within d ∈ [2, 12] ∪ {7} leads all six metrics.
Over the full sweep, d = 15 improves bAP50/sAP/sAP50
by 0.39/0.15/0.43 points, ties FAP50, and reduces bAP/F1
by 0.17/0.54. Widths 32 and 64 add no footprint gain. The
four width-dependent terminal projections contain 2,734 pa-
rameters at d = 7 versus 5,854 at d = 15; thus d = 7 uses
46.7% of those parameters while tying the best FAP50 and
giving the best F1. This supports the geometry-inspired can-
didate under seed 42, not a unique, minimum, or universal

neural width. Counts exclude whole-model FLOPs, memory,
latency, and throughput.

Layer-Wise RFO Denoising. Table 4 compares disabled
supervision with multiplicative and additive initial-offset per-
turbations. Both enabled configurations improve every met-
ric; additive raises bAP, sAP, sAP50, FAP50, and F1 by 2.86,
2.64, 3.49, 3.90, and 3.07 points and exceeds multiplicative
by 0.38 FAP50 and 0.67 F1. This supports the tested target-
indexed layer-wise configuration; additive is the default. Be-
cause “disabled” removes the supervision path as well as
its perturbation, the table does not isolate each construction
choice as an independent component.

4.5 Discussion
What the evidence supports. The experiments address three
distinct questions. First, Table 1 compares the complete
LoDEOT system with multiple methods that share the same
roof-mask/RFO interface. This task-level comparison cannot
by itself attribute the observed performance gains to Offset-
Head. Second, Table 3 isolates the width of the four terminal
projections while holding the ablation protocol fixed; it di-
rectly supports compact width selection in that setting. Third,
Table 4 evaluates the complete target-indexed denoising path
and its initial perturbation choices. It supports the enabled
design, but the disabled row simultaneously removes both
the perturbation and its associated supervision. We therefore
treat mask pooling, quality gating, and box–mask geometry
as the evidence pathway that makes compact tokenization
possible, not as three independently validated contributions.

Interpreting dimensionality. The physical derivation and
the neural results play complementary roles. The former
shows that seven variables suffice to parameterize the signed
physical RFO map under the stated assumptions and there-
fore supplies a candidate terminal width. The latter tests that
candidate empirically: d = 7 gives the best F1 and ties the
best FAP50 among 17 settings, with fewer width-dependent
parameters than d = 15. The small advantage of d = 15 on
three roof metrics also rules out a claim of universal opti-
mality. Likewise, the near-two-dimensional SVD concentra-
tion describes the variance of learned tokens after nonlinear
feature construction; it neither gives the token coordinates
physical meanings nor replaces the predictive width sweep.



Level BONAI IRSA WHU UAV Huizhou Average
sAP50 FAP50 sAP50 FAP50 sAP50 FAP50 sAP50 FAP50 sAP50 FAP50 sAP50 FAP50

L1 53.28 49.91 9.70 8.77 49.50 48.75 31.64 28.49 35.72 31.17 35.97 33.42
L2 54.68 51.58 51.67 48.76 26.65 26.60 14.03 12.98 8.82 5.56 31.17 29.09
L3 54.21 51.76 49.42 46.30 96.08 96.08 24.25 22.65 31.22 25.01 51.04 48.36
L4 55.22 52.29 49.27 46.34 95.55 95.54 44.99 41.75 39.13 32.28 56.83 53.64

Table 2: Evaluation of LoDEOT with d = 7 under cumulative multi-source training. sAP50 and FAP50 are percentages. The
average is the unweighted mean over the five test domains, and bold values indicate the best result in each column.

d bAP↑ bAP50↑ sAP↑ sAP50↑ FAP50↑ F1↑
2 27.97 46.99 26.97 46.80 43.52 50.01
3 29.77 48.85 28.77 48.76 45.94 52.01
4 29.30 48.28 28.41 48.33 45.67 51.55
5 30.27 49.57 29.17 49.65 46.79 52.54
6 29.10 49.05 28.36 48.95 45.47 51.17
7 30.96 50.82 29.88 50.77 47.64 53.50
8 29.28 49.68 28.46 49.63 45.95 52.14
9 29.23 48.75 28.21 48.76 45.32 51.05
10 28.31 47.34 27.48 47.37 44.28 50.23
11 29.83 49.85 29.07 49.73 46.59 52.01
12 29.82 49.84 29.04 49.80 46.63 52.23
13 29.44 48.98 28.52 48.81 45.92 51.50
14 30.08 50.48 29.22 50.43 47.24 52.88
15 30.79 51.21 30.03 51.20 47.64 52.96
16 30.24 49.48 29.17 49.50 46.70 52.60
32 29.44 49.07 28.66 49.17 45.79 51.56
64 30.18 49.45 29.01 49.43 46.71 52.35

Table 3: Offset-token width ablation on the IRSA test set
using random seed 42. All metrics are percentages, and bold
values indicate the best result in each column.

Configuration bAP↑ sAP↑ sAP50↑ FAP50↑ F1↑
Disabled 28.10 27.24 47.28 43.74 50.43
Multiplicative 30.85 29.66 50.33 47.26 52.83
Additive 30.96 29.88 50.77 47.64 53.50

Table 4: Ablation of layer-wise denoising supervision for
RFO estimation on the IRSA test set with d = 7. Mul-
tiplicative and additive denote perturbations applied when
constructing the initial offset prediction. All metrics are per-
centages, and bold values indicate the best result per column.

These distinctions keep the geometric argument as a width-
selection prior rather than an asserted equivalence between
camera variables and neural channels.

Scope and limitations. The cumulative-source study is
descriptive: L4 attains the best five-domain macro-average
and improves Huizhou over L1, but source composition and
training-set size vary jointly, and several domains peak ear-
lier. The results therefore support only the aggregate benefit
of the evaluated mixtures, not an isolated effect of data vol-
ume. The single-seed, 17-setting width sweep supports d = 7
as a favorable performance–terminal-complexity choice un-
der this protocol, not a statistically unique optimum. Because
the offset terminal uses roof-mask features and box–mask
geometry, uncertain masks may weaken both pooled appear-

ance and box–mask displacement evidence; Table 1 further
shows that the strongest footprint results do not coincide
with the best roof-segmentation scores. Finally, the geomet-
ric motivation assumes local pinhole projection and vertical
extrusion; robustness to departures from these assumptions
was not evaluated.

Operational interpretation. LoDEOT does not estimate
camera parameters, building height, or the seven physical
variables at inference. They motivate the tested terminal
width only; the predictor consumes learned image, query,
mask, and box evidence and directly outputs a signed two-
coordinate RFO. Denoising groups, fixed target indices, and
the lifted initial offset are also training-only, so ordinary
inference uses the matching-query branch and its per-layer
OffsetHead predictions. The parameter comparison has the
same deliberately narrow scope: 2,734 versus 5,854 counts
the four projections whose shapes change with d, but does
not imply a measured whole-model speed, memory, or en-
ergy gain. At the task level, a single RFO translates each
predicted roof mask, which matches the annotation interface
and the evaluated baselines but cannot express spatially vary-
ing displacement within one instance. Together, these points
define the intended use of LoDEOT as compact instance-
level offset estimation rather than camera recovery, dense
geometric reconstruction, or a general compression method.

5 Conclusion
LoDEOT preserves high-dimensional multitask queries
while decoupling signed RFO prediction into a compact,
mask-guided terminal. Under local pinhole and vertical-
extrusion assumptions, a seven-variable physical factoriza-
tion motivates a candidate width while leaving learned chan-
nels unconstrained; retained denoising-query target indices
supervise estimates against the same clean instance offset.
The BONAI comparison, 17-setting width sweep, and de-
noising ablation support accurate footprint recovery and a fa-
vorable terminal performance–complexity choice; the largest
cumulative source set gives the best five-domain macro-
average. These findings do not establish physical meanings
for learned channels, width minimality or universal optimal-
ity, whole-model efficiency, or a causal multi-source scaling
law. The width study uses one seed, source composition and
exposure change together, mask quality affects offset evi-
dence, and roof segmentation remains a trade-off. Future
work should test calibrated and spatially varying cameras,
nonvertical structures, repeated-seed width selection, and
stronger coordination between roof masks and offsets.
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