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Abstract. Equirectangular projection (ERP) is the standard represen-
tation for 360◦ imagery, and robust dense feature matching on ERP
underpins panoramic stereo, view synthesis, and omnidirectional SLAM.
Dense matchers trained on flat images degrade systematically on ERP
because the chart introduces three coupled distortions—topological, met-
ric, and area—that standard coarse matching and visibility estimation
do not explicitly model. We show that correcting the three distortions
at the coarse-stage interfaces where they arise—pairwise distortions in
attention, per-pixel distortion in covisibility gating—improves PCK@1◦

from 0.229 to 0.275 on Matterport3D under a fixed coarse scaffold,
with the refiner architecture unchanged—our central result. Concretely,
SCCM (Spherically Consistent Coarse Matching) augments a chart-naïve
cross-attention/dual-softmax coarse matcher with two sphere-derived
priors: Spherical Positional Attention (SPA) pairs a yaw-periodic RoPE
(topology) with a tangent-plane bias (metric), and Area-Aware Cov-
isibility (AAC) applies a pre-sigmoid log-area correction (area). The
chart-naïve scaffold serves as a controlled reference, separating the
scaffold-replacement effect from the spherical-prior effect. Instantiated
in the RoMa V1 framework with the same frozen encoder, refiner archi-
tecture, and loss, SCCM also outperforms the ERP-native EDM (0.163)
and an ERP-retrained RoMa V1 (0.198) under a unified ERP dense
matching protocol, while perspective-trained matchers largely fail on
ERP. It further transfers zero-shot to Stanford2D3D and, when trained
on outdoor Holo360D, leads there as well.

Keywords: Dense matching · 360◦ images · Spherical geometry

1 Introduction

Dense feature matching assigns every pixel of one image a corresponding location
in another, producing the dense correspondence field that underpins 360◦ depth,
pose, and view synthesis. On 360◦ content this matching runs on the equirect-
angular projection (ERP)—the chart that unrolls the viewing sphere onto a
flat rectangle. Modern dense matchers solve the task in two stages [8, 10, 26]: a
coarse matcher first proposes low-resolution match anchors, and a refiner then
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Fig. 1: SCCM coarse matcher: pipeline overview. SCCM injects sphere-derived
priors into a fixed chart-naïve coarse scaffold (denoted R1 in Sec. 4), while keeping
the encoder, refiner architecture, and loss unchanged. The inherited scaffold consists
of cross-/self-attention, covisibility gating, and gated dual-softmax. The blue modules
are the proposed sphere-aware priors: yaw-periodic RoPE (topology) and Tangent-
Plane Bias (metric) in SPA (Fig. 2), and Log-Area Correction (area) in AAC (Fig. 3);
orange boxes denote coarse matching signals passed to gated dual-softmax, grey boxes
are inherited unchanged, and purple boxes are outputs. The output is a dense warp
WA→B with per-pixel certainty c.

sharpens them into precise correspondences. These matchers achieve strong re-
sults on perspective images but degrade systematically on ERP, where the chart’s
latitude-dependent stretch and longitudinal seam violate the planar assumptions
built into their coarse stage.

ERP distortion is not a single artifact but a composite of three computa-
tional challenges. Topology: the longitudinal ±π seam breaks positional con-
tinuity. Pairwise metric: a longitudinal stretch by 1/ cosφ grows toward the
poles (here φ is latitude, 0 at the equator and ±π

2 at the poles, so 1/ cosφ→∞),
making Euclidean chart offsets poorly aligned with true geodesic offsets, espe-
cially near the poles. Per-pixel area: the cosφ scaling of the sphere’s area ele-
ment (the patch of sphere a single pixel covers, which shrinks toward the poles)
over-represents polar regions in pixel-uniform sampling and can bias per-pixel
matchability estimation toward polar candidates. The first two are pairwise—
they concern the relation between two feature locations, so we correct them
inside attention (which scores pairwise interactions between feature locations);
the third is per-pixel—it concerns whether a single pixel is worth matching at all,
so we correct it inside the covisibility gate (a per-pixel keep/suppress weight).
A single post-hoc adjustment of the final matching cost risks conflating these
distinct pairwise and per-pixel effects; we therefore inject each correction at the
interface where its distortion arises.

Concretely, we first define a chart-naïve cross-/self-attention + dual-softmax
coarse scaffold, then introduce SCCM (Spherically Consistent Coarse Matching)
as the same scaffold augmented with two sphere-aware blocks, SPA and AAC,
while keeping the encoder, refiner architecture, and loss unchanged (Fig. 1).
SCCM targets the coarse stage, where ERP chart distortions first corrupt the an-
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chors passed to refinement. The Spherical Positional Attention (SPA) block
augments the attention layers of the coarse cascade with a yaw-periodic Rotary
Position Embedding (RoPE; topology) and a tangent-plane bias on the sphere
(pairwise metric). The Area-Aware Covisibility (AAC) block augments the
covisibility gate with a pre-sigmoid log-area correction (per-pixel area). These
corrections are modular, sphere-derived priors, yet not independent heuristics:
all three follow from a single principle—each ERP distortion is corrected at the
coarse-stage decision interface where it enters, pairwise distortions in the atten-
tion logits and per-pixel distortion in the covisibility logit—making SCCM a
single, spherically consistent set of corrections to coarse matching rather than
three unrelated add-ons.

Importantly, part of SCCM’s full-system gain comes from the scaffold replace-
ment itself, not from spherical geometry. We therefore use the chart-naïve scaf-
fold as a controlled reference and report the scaffold-replacement and spherical-
prior components separately (Sec. 5.2).
In summary, we make three contributions:

– Distortion-to-interface formulation. We formulate ERP coarse match-
ing as a distortion-to-interface problem: topology and metric distortions are
pairwise and are corrected inside attention, while area distortion is per-pixel
and is corrected inside covisibility gating.

– SPA and AAC. A spherical attention prior (SPA) combining yaw-periodic
RoPE for seam-continuous topology with a tangent-plane bias for geodesic
pairwise-metric calibration, and an area-aware covisibility prior (AAC) ap-
plying a pre-sigmoid log-area correction to the gate.

– Controlled evaluation protocol. An evaluation that separates scaffold
gains from spherical-prior gains, with the priors alone improving PCK@1◦

from 0.229 to 0.275 under a fixed scaffold.

This controlled decomposition is the basis of our evaluation: we report both
full-system comparisons and fixed-scaffold ablations to separate architectural
replacement from the proposed spherical priors (Sec. 5.3, Tab. 2).

2 Related Work

Perspective and ERP matchers. Perspective matchers—SuperGlue [22],
LoFTR [26], DKM [8], and the RoMa family [9, 10]—do not explicitly model
ERP chart topology or latitude-dependent metric distortion in their coarse
stage, which can leave ERP-specific coarse errors for the refiner to resolve. 3D
pointmap regressors (DUSt3R [30], MASt3R [15]) are primarily trained for per-
spective views. Among ERP methods, sparse spherical matchers (SPHORB [32],
SphereGlue [11]) apply geometry only at isolated keypoints, whereas dense
matching exposes every pairwise matching score to chart distortion. Co-
Match [16] introduces covisibility-aware semi-dense matching for perspective
images (covisibility-guided token condensing and attention); SCCM instead
uses covisibility as a sphere-area-corrected gate for ERP (Sec. 4.2). EDM [14]



4 G. Lee et al.

is the closest prior work: an ERP-native dense matcher with spherical input
embeddings and sphere-aware refinement. The difference is one of where geom-
etry is injected: EDM injects spherical information at the input and refinement
levels, whereas SCCM injects geometry directly into the two generic coarse-stage
decision interfaces—the pairwise attention logits and the per-pixel covisibility
logits (Sec. 4)—which EDM does not explicitly correct in the same way.
Sphere-aware encodings. Spherical convolutions [4, 5, 27], tangent remap-
ping [7], and panoramic transformers [2, 17] encode geometry within a single
image and largely leave the relative structure between two feature grids unad-
dressed, while standard planar RoPE variants used in vision [12, 25] encode 2D
chart offsets but do not enforce the 2π longitudinal periodicity required at the
ERP seam. Recent panoramic models handle the seam or chart distortion in their
positional encodings or tokens: Dense360 [33] folds horizontal indices symmet-
rically about the image center and rescales them by one global latitude factor;
RoPE Rolling [21, 31] shifts the seam to a different longitude per head rather
than removing it; SpheRoPE [13] snaps high-frequency harmonics to integers
and encodes low frequencies on the sphere, for generation; PanoFormer [23] uses
tangent-patch tokens for monocular depth. None is designed for dense matching
between two panoramas. SCCM instead builds a seam-periodic pairwise phase
and latitude corrections into the coarse attention logits and the covisibility gate.

3 Preliminaries

ERP geometry. An ERP pixel at normalized coordinates (u, v) ∈ [−1, 1]2 maps
to longitude/latitude (λ, φ) = (πu, π

2 v) and thence to a unit viewing ray on the
sphere S2,

r(φ, λ) = (cosφ sinλ, sinφ, cosφ cosλ) ∈ S2, (1)

whose area element is cosφ. All SCCM priors derive from this map.
We briefly recall the three standard mechanisms that SCCM modifies: RoPE

for relative phase, CPB for additive attention bias, and covisibility gating for fil-
tering non-matchable pixels. This section only fixes notation; the sphere-specific
modifications are introduced in Sec. 4.

1. RoPE. Rotary Position Embedding [25] rotates the query/key vectors by
position-dependent phases so that their dot product carries relative-position
information. SPA makes the longitudinal phase yaw-periodic across the seam
(Sec. 4.1).

2. CPB. Continuous Position Bias [18] maps a continuous relative coordinate
through a small shared MLP to a scalar added to the pre-softmax attention
logits. SPA feeds it a spherical log-map offset instead of a planar pixel offset
(Sec. 4.1).

3. Covisibility gating. Occlusion and limited overlap leave many pixels with-
out a valid match, so dense matchers predict a per-pixel matchability logit
ℓ and gate µ = σ(ℓ) ∈ [0, 1] to down-weight non-covisible pixels before
dual-softmax matching—related notions include CoMatch’s covisibility [16],
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LoFTR’s confidence [26], and RoMa’s certainty [10]. AAC modifies this pre-
sigmoid logit with a sphere-area correction (Sec. 4.2).

4 Method

We first define a chart-naïve coarse-matching scaffold, denoted R1: cross-/self-
attention [22] followed by covisibility-gated dual-softmax [26, 29] (Sec. 3). R1
treats ERP as a flat image—no spherical positional encoding, no tangent-plane
metric bias, and no area correction. R1 serves two roles: a strong chart-naïve
baseline in its own right (Sec. 5.2), and the fixed scaffold on which spherical
priors are isolated (Sec. 5.3). SCCM is then R1 augmented with SPA (Sec. 4.1)
and AAC (Sec. 4.2). We instantiate this scaffold inside the RoMa V1 [10] frame-
work because its coarse stage is cleanly separable and its training recipe is re-
producible: we replace RoMa V1’s Gaussian-process coarse stage with R1, keep
the DINOv2-Large [19] encoder, the ConvRefiner architecture, and the loss un-
changed, freeze the DINOv2 encoder, and train all remaining modules—including
the refiner—from random initialization.

By contrast, RoMa V2’s coupled architectural changes and the lack of a
comparable public recipe at the time of writing would confound the ablation
(Supp. Sec. G), so V2 appears only as a zero-shot perspective baseline. The ERP-
native EDM [14] is evaluated from its released, Matterport3D-trained checkpoint
(in-domain; Supp. Sec. G), and we additionally retrain RoMa V1 on ERP under
the same protocol as a controlled, same-budget baseline.

Both modules act only at generic coarse-stage interfaces: SPA modifies the
attention logits, and AAC the covisibility logits. The additions are lightweight—
a ∼1.1K-parameter shared MLP for TPB and one scalar per covisibility side for
LAC, with a cached inference overhead of about 5% (Supp. Sec. L)—and each is
added with a geometry-motivated initialization (TPB zero-initialized as a no-op,
LAC at αLAC=1), keeping the cumulative ablation strictly comparable.

4.1 Spherical Positional Attention (SPA)

SPA modifies the relative-position component of the coarse attention layers via
two parts (illustrated in Fig. 2): a yaw-periodic RoPE for longitudinal seam
consistency, and a tangent-plane bias for the local pairwise metric.
(i) Yaw-Periodic RoPE. On ERP a yaw rotation of the camera (looking
left/right about the vertical axis) shifts every longitude λ→ λ + δ and wraps
across the ±π seam, so a seam-consistent positional encoding must be periodic
in λ. Standard planar RoPE [25] uses geometric frequencies ωi that are not con-
strained to integer harmonics. Applying them to the ERP longitude λ ∈ [−π, π)
would shift the relative phase ωi(λq − λk) by 2πωi—generally not a multiple
of 2π—when one token’s stored longitude wraps across the seam, violating the
chart’s longitudinal periodicity. Integer harmonics are in fact the only frequen-
cies consistent with this 2π-periodicity (Supp. Sec. H analyzes the resulting
frequency resolution). We split each attention head’s channels—let dh be the
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Fig. 2: Spherical Positional Attention (SPA). From coarse query/key tokens
Q,K with sphere coordinates (φ, λ), SPA forms two sphere-aware positional terms
that merge at the pre-softmax attention logit. (top) Yaw-periodic RoPE makes the
relative phase strictly 2π-periodic in longitude, so seam-neighbor tokens remain adja-
cent across the ERP boundary. (bottom) Tangent-Plane Bias, instantiating the CPB
framework [18] on the sphere, replaces the planar chart offset ∆chart

q,k with the spherical
log-map offset δq,k computed in the query tangent plane at rq, producing a geodesic-
aware additive bias bq,k. The resulting logit is Aq,k = ARoPE

q,k + bq,k (Sec. 4.1).

per-head channel dimension—into two halves of dimension dh/2. The first half
encodes latitude with the standard geometric schedule (latitude is bounded,
non-periodic), while the second half encodes longitude with integer frequencies
ωλ
i = i. For a query at latitude/longitude (φq, λq) ∈ [−π/2, π/2] × [−π, π) and

key at (φk, λk), the longitudinal relative phase becomes

∆θλi = i · (λq − λk), i = 1, . . . , dh/4, (2)

where i ranges up to dh/4 to account for the sin / cos pairings of the dh/2-
dimensional longitude half. Because these longitudinal frequencies are integers,
a seam wrap (λ→ λ + 2π) shifts each relative phase by a multiple of 2π. This
leaves the rotation matrix R(∆θλi )—the standard 2-D RoPE rotation applied
to each sin / cos channel pair—unchanged, making the RoPE-induced positional
term strictly yaw-periodic. The latitude half retains the standard RoPE form.
(ii) Tangent-Plane Bias (TPB). A relative-position bias is intended to cali-
brate spatial relations between feature locations; on ERP the chart-pixel offset
used by standard biases does not correspond to uniform geodesic offsets across
latitude, so a planar bias can favor chart proximity over true spherical proxim-
ity. TPB corrects the metric of this bias. It instantiates the Continuous Position
Bias (CPB) framework [18] on the sphere: a continuous relative coordinate is
mapped to a scalar bias by a shared MLP and added to the pre-softmax atten-
tion logits. We adopt CPB’s standard integration pattern (pre-softmax additive
scalar, shared MLP across queries, output-zero-initialized) and substitute the
input coordinate from planar pixel offset to a spherical log-map offset computed



SCCM: Spherically Consistent Coarse Matching for ERP 7

Area-Aware Covisibility (AAC)
pre-sigmoid log-area correction for ERP covisibility gating

Log-Area Correction (Area)

Log-area	term	calibrates	pre-sigmoid	covisibility	logits	via 𝜟ℓ𝒑𝒂𝒓𝒆𝒂

𝜑

0

𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒	
𝑛𝑒𝑎𝑟	𝑝𝑜𝑙𝑒𝑠

0	𝑎𝑡
𝑒𝑞𝑢𝑎𝑡𝑜𝑟

Latitude log-area term Corrected logit mapArea-unaware logit

𝑝𝑜
𝑙𝑒

𝑒𝑞
𝑢𝑎
𝑡𝑜
𝑟

𝑝𝑜
𝑙𝑒

𝒙𝒑, 𝜑𝒑
ℓ𝒑𝑨𝑨𝑪 =

ℓ𝒑 + 𝜟ℓ𝒑𝒂𝒓𝒆𝒂

Fig. 3: Area-Aware Covisibility (AAC). Given a per-pixel feature xp and latitude
φp, AAC adds a latitude-dependent log-area term to the covisibility logit before the
sigmoid: ℓAAC

p = ℓp + αLAC logmax(cosφp, ϵ). (left) the bare logit ℓp = MLP(xp) is
area-unaware, whereas ERP pixels represent smaller spherical area near the poles;
(middle) the log-area term is 0 at the equator and negative toward the poles; (right)
after sigmoid, the corrected logit yields an area-aware gate that down-weights pixel-
overrepresented polar candidates before dual-softmax matching, with learnable αLAC=
softplus(αraw) (one per image side, init=1). See Sec. 4.2.

in the query’s tangent plane. Let Brq ∈R3×2 be an orthonormal tangent basis at
the query ray rq (Eq. (1)), aligned with the ERP latitude/longitude directions;
a near-pole-stable construction and antipodal handling are deferred to Supp.
Sec. A. For every query we precompute the 2-D geodesic offset of every key via
the spherical log-map into this basis:

δq,k = B⊤
rqLogMaprq (rk) ∈ R2, (3)

a spherical log-map offset that replaces the planar pixel offset. It is Fourier-
encoded (γ) and mapped by a small shared MLP (zero-initialized output) to
a scalar bias added to the pre-softmax logit ARoPE

q,k (the scaled RoPE-rotated
query–key dot product):

bq,k = MLP
(
γ(δq,k)

)
, Aq,k = ARoPE

q,k + bq,k. (4)

Crucially, δq,k depends only on the two grid locations’ chart coordinates—not on
image content or pose—so it is a content-independent spherical prior, precom-
puted once and shared across heads, SPA layers, and self- and cross-attention;
only the MLP and one latitude-scaling scalar are learned (encoding details in
Supp. Sec. A).

4.2 Area-Aware Covisibility (AAC)

AAC curbs the tendency of ERP’s pixel-uniform sampling to over-represent po-
lar candidates at the covisibility gating stage. Concretely, AAC augments the
covisibility head with a single Log-Area Correction (LAC) term defined below;
the head structure itself is otherwise identical to the baseline (chart-naïve) cov-
isibility head. The contribution of AAC is not learning a new area function—the
ERP area element is known analytically—but placing this area prior before the
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sigmoid, where the model decides whether a pixel should participate in match-
ing. Applying the same factor after dual-softmax, or only in the loss, would not
directly calibrate the pre-sigmoid covisibility decision.
Log-Area Correction (LAC). At the covisibility gating stage, the covisibility
head produces a per-pixel covisibility logit ℓ = MLP(x), where x is a learned
feature vector. This logit is mapped by a sigmoid to a soft gating probability
µ = σ(ℓ) used to filter spurious matches before the dual-softmax step. This gate
is passed to the refiner as the coarse certainty signal, so area-correcting µ affects
the certainty refined downstream.

To correct this polar over-representation, we augment the bare covisibility
logit for each pixel feature xp ∈ Rd at latitude φp with a learnable LAC term
(Fig. 3). The corrected gate is µp = σ(ℓAAC

p ), where

ℓAAC
p = MLP(xp) + αLAC · logmax

(
cosφp, ϵ

)
, ϵ = 10−3. (5)

The logarithm converts the multiplicative area factor into an additive logit cor-
rection, matching the pre-sigmoid interface of the covisibility gate (we abbreviate
the two terms as ℓp + ∆ℓareap in Fig. 3). The clamp ϵ is used only for numeri-
cal stability near the poles; sensitivity is reported in Supp. Sec. K. In contrast
to input- or refinement-level spherical embeddings, LAC enters the pre-sigmoid
covisibility logit as a learnable scalar αLAC=softplus(αraw)>0 on the area term
(one per image side v ∈ {A,B}), initialized at αLAC = 1 so that the correction
starts exactly at the analytic ERP-to-sphere area Jacobian |J |= cosφ. LAC’s
contribution is the placement of the area term inside the gate, not the tuning of
α, which converges near that analytic value (Supp. Sec. K).

5 Experiments

5.1 Experimental Setup

Implementation. All models retrained on Matterport3D share a fixed 1M-
sample protocol (448×896 ERP inputs, frozen DINOv2-Large, original RoMa V1
loss) with the same initialization seed, data split, and evaluator, so observed dif-
ferences are primarily attributable to the model changes. Each ablation configu-
ration is trained once, with paired bootstrap confidence intervals on the full test
split for evaluation-side uncertainty. For training-side variance, the two ablation
endpoints were retrained with two more seeds: the chart-naïve→SCCM mar-
gin holds on every seed (+4.6/+5.3/+4.9 pp; seed s.d. ≤ 0.6 pp; Supp. Sec. R),
whereas the +0.9pp LAC step is a single-run estimate.
Datasets. We train on Matterport3D [3] (MP3D, indoor) using its official bench-
mark split, evaluate zero-shot on Stanford2D3D [1] (indoor), and continue train-
ing the Matterport3D models on Holo360D [20] (outdoor; Sec. 5.2). All retrained
models use H×W =448×896 ERP inputs (matching the DINOv2 patch grid),
with native panoramas resized to this resolution (native dataset resolutions in
Supp. Sec. A/B). Released checkpoints are each evaluated at their own native
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Table 1: Main full-system comparison on (a) Matterport3D, (b) zero-shot
Stanford2D3D, and (c) outdoor Holo360D, where all three matchers are trained
on Holo360D from their Matterport3D checkpoints under one protocol. All meth-
ods are evaluated end-to-end under the same ERP dense matching metrics. Re-
trained/controlled rows in (a, b) share the protocol of Sec. 5.1, while external baselines
use their released public weights. The mechanism-isolated contribution of the sphere-
aware priors, measured as chart-naïve→SCCM under a fixed scaffold, is reported in
Tab. 2. Stanford2D3D uses the overlap range 0.30≤ov≤0.80; details in Supp. Sec. B.
Best bold, second underlined. †SphereGlue [11] is sparse and not directly comparable
to dense methods.

Method Train data PCK@1◦ ↑ PCK@3◦ ↑ PCK@5◦ ↑ MAE◦ ↓ Med.◦ ↓

(a) Matterport3D test — in-distribution (15,682 pairs)
Perspective baselines (trained on perspective, zero-shot on ERP)

RoMa V1 [10] ScanNet [6] (indoor, persp.) 0.023 0.058 0.081 57.46 49.74
RoMa V2 [9] Mixed (incl. indoor, persp.) 0.040 0.126 0.201 36.10 18.09

ERP-native baselines (released checkpoints, not retrained)
SphereGlue† [11] Custom Synth. (indoor, ERP) 0.028 0.072 0.095 64.50 65.45
EDM [14] MP3D (indoor, ERP) 0.163 0.400 0.509 16.78 4.79

ERP-retrained baseline
RoMa V1 (ERP-retrained) [10] MP3D (indoor, ERP) 0.198 0.538 0.711 6.60 2.76

Fixed-scaffold control (ours, no sphere geometry)
chart-naïve (cross-attn+DS, no PE) MP3D (indoor, ERP) 0.229 0.609 0.769 5.68 2.23

Ours
SCCM (full) MP3D (indoor, ERP) 0.275 0.665 0.806 5.36 1.88

(b) Stanford2D3D test — out-of-distribution / zero-shot (8,744 pairs)
Perspective baselines (trained on perspective, zero-shot on ERP)

RoMa V1 [10] ScanNet (indoor, persp.) 0.022 0.051 0.072 64.08 58.99
RoMa V2 [9] Mixed (incl. indoor, persp.) 0.043 0.125 0.201 42.15 18.59

ERP-native baselines (released checkpoints, not retrained)
SphereGlue† [11] Custom Synth. (indoor, ERP) 0.034 0.072 0.093 67.96 62.78
EDM [14] MP3D (indoor, ERP) 0.104 0.262 0.355 35.70 10.69

ERP-retrained baseline
RoMa V1 (ERP-retrained) [10] MP3D (indoor, ERP) 0.167 0.452 0.628 17.80 3.45

Fixed-scaffold control (ours, no sphere geometry)
chart-naïve (cross-attn+DS, no PE) MP3D (indoor, ERP) 0.179 0.475 0.627 18.86 3.26

Ours
SCCM (full) MP3D (indoor, ERP) 0.229 0.564 0.697 17.09 2.45

(c) Holo360D test — outdoor, in-the-wild (8,000 pairs)
Trained under one protocol (ours; Supp. Sec. P)

RoMa V1 (ERP-retrained) [10] Holo360D (outdoor) 0.322 0.592 0.726 5.66 2.12
chart-naïve (cross-attn+DS, no PE) Holo360D (outdoor) 0.331 0.626 0.761 5.02 1.93
SCCM (full) Holo360D (outdoor) 0.357 0.645 0.776 4.94 1.76

resolution, with ground truth and metrics on that grid (resolution-matched con-
trol for EDM in Supp. Sec. R). SCCM assumes gravity-aligned (upright) ERP,
as in the Matterport3D and Stanford2D3D benchmarks; robustness to camera
tilt is analyzed in Supp. Sec. F.
Evaluation metrics. We evaluate angular error on the sphere, θ = arccos(rpred·
rgt), rather than pixel-space endpoint error (biased by ERP’s cosφ anisotropy),
and report PCK (the fraction of valid pixels below angular thresholds) at
{1, 3, 5}◦ with mean (MAE) and median angular error; PCK@1◦ is the primary
strict-precision metric.

Full training protocol, dataset construction, and complexity details are in
Supp. Secs. A, B, and L.
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Fig. 4: Precision analysis on Matterport3D test (full test set, 15,682 pairs).
(a) PCK@1◦ by absolute latitude |φ|: SCCM is consistently highest across latitude
bands, with a larger margin toward the poles (shaded). (b) PCK@1◦ by absolute lon-
gitude |λ|: SCCM shows a smaller drop near the ERP seam (|λ|=180◦, shaded) than
EDM, while the chart-naïve scaffold lies between EDM and SCCM.

5.2 Benchmark Comparison

Model groups. Under the shared evaluation protocol of Sec. 5.1 we com-
pare: released perspective baselines (RoMa V1 [10], RoMa V2 [9], zero-shot on
ERP), ERP-native baselines (sparse SphereGlue [11], dense EDM [14]), an ERP-
retrained RoMa V1, our chart-naïve scaffold (cross-attention + dual-softmax, no
positional encoding), and SCCM (chart-naïve + SPA + AAC). RoMa V1 thus
plays three roles: zero-shot checkpoint, ERP-retrained baseline, and the base ar-
chitecture for our controlled study. The ablation (Sec. 5.3) adds two mechanism-
only positional-encoding (PE) controls on that scaffold—standard geometric-
frequency RoPE and EDM’s input-side absolute PE—re-implemented as the
mechanism only, not the full EDM system. EDM is evaluated from its released
checkpoint—its training code is not public (Supp. Sec. G)—so that comparison is
matched at evaluation but not at training recipe. Four further matchers (DKM,
LoFTR, MASt3R, VGGT [28]) evaluated zero-shot on ERP all fall below EDM
(Supp. Sec. Q).
Decomposing the gain. We report two distinct gains on Matterport3D
(Tab. 1a): a scaffold gain from replacing RoMa V1’s GP coarse stage with
our chart-naïve R1 (0.198 → 0.229 PCK@1◦, +3.1pp), and a spherical-prior
gain from adding the three sphere-derived modules on the fixed R1 scaffold
(0.229→ 0.275, +4.6 pp; Sec. 5.3). The latter is the mechanism-isolated contri-
bution of SCCM and the central claim of this paper; the full-system numbers
below combine both. A paired bootstrap (10,000 resamples) supports this gain:
the chart-naïve→SCCM ∆PCK@1◦ CI excludes zero on MP3D (+4.6pp) and
zero-shot Stanford2D3D (+5.0 pp; Supp. Sec. D).
In-distribution: Matterport3D test. Tab. 1(a) reports results on the of-
ficial Matterport3D test split. Zero-shot perspective baselines (RoMa V1,
RoMa V2) stay below 0.05 PCK@1◦, reflecting ERP distortion compounded by
the perspective-to-ERP domain shift. Among prior published ERP methods,
the ERP-native EDM is strongest (PCK@1◦=0.163, MAE= 16.78◦; the sparse
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Fig. 5: Qualitative comparison on Matterport3D test. Each method panel shows
the predicted warp masked by correctness: white denotes inaccurate or non-covisible
pixels. The reported percentage is the fraction of GT-covisible pixels with angular
error below 1◦. SCCM recovers larger accurate regions than the dense baselines (EDM,
RoMa V1 (ERP-retrained)) and the chart-naïve scaffold across representative overlap
levels, including high-latitude ceiling/floor regions.

SphereGlue is not directly comparable), and our ERP-retrained RoMa V1
(0.198) already surpasses it. Our chart-naïve backbone surpasses EDM without
any sphere-aware encoding (0.229 vs. 0.163), and positional-encoding controls on
it change little (Tab. 2): it is a strong matching substrate, and generic positional
encodings alone do not explain the SCCM gain. SCCM reaches PCK@1◦=0.275,
+11.2 pp over EDM and +4.6 pp over the chart-naïve backbone (Tab. 1a). Fig. 5
shows the gap qualitatively across overlap levels.
Absolute vs. pairwise positional encoding. The EDM absolute PE control
re-implements EDM’s input-side absolute sphere-coordinate embedding on the
chart-naïve backbone, testing whether providing sphere coordinates to a strong
planar backbone suffices. It performs slightly below the backbone alone (Tab. 2),
so SCCM’s lead is essentially unchanged against it. Absolute encoding assigns
coordinates to each location independently and carries no relative query–key
geometry; the gain instead comes from pairwise spherical structure, with the
largest step at R1→R2a (+3.8pp). This control tests the input-side absolute-
PE mechanism under the same scaffold, not EDM as a full system.
Out-of-distribution: Stanford2D3D. Tab. 1(b) reports zero-shot evaluation
on the filtered Stanford2D3D test-pair set (8,744 pairs). Our numbers differ from
the original EDM paper because we use overlap 0.30≤ov≤0.80 instead of >0.50,
which adds harder low-covisibility pairs and excludes near-duplicate ones (Supp.
Sec. B). SCCM exceeds every baseline (Tab. 1b), so the sphere-aware advantage
transfers across panoramic datasets.
Outdoor. For Tab. 1(c), RoMa V1 (ERP-retrained), chart-naïve, and SCCM
are trained from their MP3D checkpoints under one protocol on Holo360D [20],
an in-the-wild handheld LiDAR+360◦ dataset (2.2× deeper than MP3D, me-
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dian relative tilt 12◦, i.e. tilted training data, cf. Supp. Sec. F; scene-disjoint
5/3/4 splits, 8,000 test pairs). SCCM leads on every metric, by +2.6/+3.5 pp
PCK@1◦ over chart-naïve/RoMa V1; zero-shot outdoor transfer is analyzed in
Supp. Sec. P.
Latitude-wise behavior. Fig. 4(a) reports PCK@1◦ by absolute latitude
on Matterport3D test. Baselines degrade steeply as |φ| grows, since the same
chart offset spans different geodesic distances across latitudes. SCCM improves
PCK@1◦ at every latitude, with the margin growing toward the poles (≈ 1.5×
the chart-naïve scaffold at the highest band vs. ≈ 1.1× at the equator), and
remains more robust than EDM across the longitudinal seam (Fig. 4b). Per-
band decomposition attributes these effects mainly to yaw-periodic RoPE, with
TPB adding MAE correction at low and mid latitudes (Supp. Sec. M). Because
pixel-uniform evaluation over-represents polar pixels, we also weight pixels by
cosφ; the chart-naïve→ SCCM improvement persists on every metric (PCK@1◦

+3.9 pp area-weighted vs. +4.6 pp; Supp. Sec. E).

5.3 Ablation Study

Tab. 2 isolates the sphere-aware modules on the fixed chart-naïve scaffold R1
(cross-attention + dual-softmax), whose standing against all baselines is estab-
lished in Sec. 5.2. R2a–R3 progressively add yaw-periodic RoPE, TPB, and AAC
with all other settings held constant, so the +4.6 pp PCK@1◦ gain from R1 to
R3 isolates the spherical modules from the scaffold replacement (full MP3D test
set, 15,682 pairs, ∼3.0B pixels per checkpoint).
Module contributions. The three modules act along distinct axes (Tab. 2 lists
marginal changes and primary roles; per-band decomposition in Supp. Sec. M).
Yaw-periodic RoPE supplies most of the precision gain—+3.8 pp PCK@1◦ over

Table 2: Controlled ablation on the fixed chart-naïve scaffold (Matterport3D
test). R2a–R3 cumulatively add yaw-periodic RoPE, TPB, and LAC/AAC to the no-
prior scaffold R1; the two § rows are positional-encoding controls on R1. Values in
parentheses on PCK@1◦ and MAE denote the marginal change from the previous chain
row (PCK in pp, MAE in degrees), revealing the modules’ functional roles: yaw-periodic
RoPE drives strict precision, TPB reduces the angular-error tail, and LAC adds area-
gated precision. Chain marginals on PCK@1◦ fold the TPB×LAC interaction into the
final row (factorial decomposition in Supp. Sec. M). Protocol as in Sec. 5.1. Best in
bold.

PCK◦ (↑) Error◦ (↓)

Row @1 @3 @5 MAE Med. Primary role

(R1) chart-naïve (no PE) 0.229 0.609 0.769 5.68 2.23 planar scaffold
ctrl: EDM abs. PE § 0.224 0.593 0.756 5.97 2.31 (input-PE control)
ctrl: standard RoPE § 0.236 0.613 0.764 6.79 2.17 (rel-PE control)

(R2a) + yaw-periodic RoPE 0.267 (+3.8) 0.653 0.796 5.87 (+0.19) 1.93 strict precision
(R2b) + TPB (full SPA) 0.266 (−0.1) 0.652 0.799 5.58 (−0.29) 1.95 error-tail (MAE)
(R3) + LAC ≡ SCCM 0.275 (+0.9) 0.665 0.806 5.36 (−0.22) 1.88 area-gated precision
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R1, consistently positive across longitude bands, including near the seam—and
is specific to the 2π-periodic design: substituting standard geometric-frequency
RoPE (Tab. 2, §) yields only +0.7 pp and degrades MAE (5.68◦ → 6.79◦),
supporting longitudinal periodicity as the key factor rather than generic rel-
ative encoding. TPB leaves strict PCK essentially unchanged (−0.1 pp) while
reducing the angular-error tail (MAE 5.87◦ → 5.58◦; tail quantiles in Supp.
Sec. M); its contribution is metric calibration—conditioning the pre-softmax
bias on the true geodesic offset—complementary to the precision gain of yaw-
periodic RoPE. LAC (AAC) adds the log-area term αLAC logmax(cosφ, ϵ) to the
pre-sigmoid covisibility logit, calibrating pixel-overrepresented polar candidates
through the known area prior: it lowers MAE (−0.22◦) and median (−0.07◦)
and lifts PCK@1◦ by +0.9 pp (Tab. 2). A 2 × 2 factorial with a RoPE+LAC
control (Supp. Sec. M) attributes this strict-precision step to the TPB×LAC
interaction rather than to LAC alone: neither prior improves PCK@1◦ in isola-
tion, whereas MAE improves additively—consistent with strict-precision gains
emerging only when the area-corrected gate is paired with the geodesic pairwise
bias. The learned αLAC settles near the analytic cosφ Jacobian; LAC’s contri-
bution is the placement of the area-correction term, not the tuning of its scalar
(an inference-time α=1 override leaves all metrics unchanged; Supp. Sec. K).
Coarse-stage leverage. Coarse-anchor quality is thus the key leverage point
under this scaffold: the full +4.6pp PCK@1◦ gain is obtained by changing
only the coarse-stage modules, with the encoder, refiner architecture, loss, and
training protocol fixed. A refinement-stage diagnostic on the full test split
(Supp. Sec. O) supports this: SCCM’s advantage is already present at the
coarse-anchor stage (+4.1 pp) and remains stable through refinement (+4.6 pp
at the final output), while the unchanged refiner gives a similar coarse-to-final
lift for R1 and SCCM (+10.7 vs. +11.2pp), so the ERP-specific gain enters
through coarse-anchor formation rather than being created by the refiner.

5.4 Downstream Tasks

We evaluate whether the dense matching gains translate to downstream geom-
etry on Matterport3D under a single unified evaluator (Tab. 3). Both tasks use
each matcher’s per-pixel certainty: pose samples ray matches by certainty, and
reconstruction applies one fixed threshold (τ=0.5) to every method. For relative
pose (essential-matrix + RANSAC on certainty-weighted ray matches), SCCM
improves Pose AUC at every threshold over the chart-naïve scaffold (Tab. 3).
Replacing the estimator with the 360-8PA solver of Solarte et al . [24] moves
AUC@5◦ by ≤ 0.01 pp for every method (Supp. Sec. R). For 3D reconstruc-
tion, we triangulate under the GT pose to isolate correspondence quality from
pose-estimation errors; SCCM leads on all seven accuracy, completeness, and
F-score metrics, ahead of the chart-naïve scaffold, RoMa V1 (ERP-retrained),
and EDM. Ungated reconstruction (Supp. Sec. N) shows the same trend except
for mean accuracy; details and top-down visualizations in Supp. Sec. C.
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Table 3: Downstream geometry on Matterport3D under a unified evaluator.
We report relative-pose AUC and certainty-gated reconstruction metrics. Reconstruc-
tion triangulates matches under the GT pose with a fixed certainty gate (τ =0.5) for
all methods; both tasks are evaluated on the 11,574 test pairs where every method
yields ≥200 confident matches; details in Supp. Sec. C. Best bold, second underlined.

Pose AUC ↑ Acc (m) ↓ Comp (m) ↓ Recon. F ↑

Method 5◦ 10◦ 20◦ Mean Med. Mean Med. @5 @10 @20

EDM [14] 7.97 17.86 29.51 1.452 0.470 0.685 0.336 14.5 27.5 42.7
RoMa V1 (retr.) [10] 11.12 27.26 47.42 0.884 0.294 0.573 0.250 16.0 30.7 48.2
chart-naïve 13.66 31.50 51.76 0.787 0.267 0.512 0.236 17.4 32.7 50.6
SCCM (ours) 17.41 35.84 55.09 0.772 0.247 0.496 0.218 19.3 35.5 53.2

6 Conclusion

We introduced SCCM, a coarse matcher that corrects the three geometric dis-
tortions of equirectangular projection—topology, pairwise metric, and per-pixel
area—in the coarse-stage operations where they arise (attention and covisibility
gating), through lightweight modules that leave the encoder, refiner, and loss un-
changed. Under our unified ERP dense matching protocol, SCCM outperforms
all tested perspective-trained, ERP-retrained, and ERP-native baselines on Mat-
terport3D, transfers zero-shot to Stanford2D3D, and leads on outdoor Holo360D
when trained on it. Both modules attach to generic attention and covisibility log-
its, so they apply to attention-based matchers such as LoFTR; GP-based coarse
stages (DKM, original RoMa V1) admit only AAC (Supp. Sec. G).
Limitations and future work. SCCM assumes gravity-aligned ERP and does
not explicitly handle camera tilt: under synthetic camera-pitch perturbations all
tested ERP matchers degrade sharply (SCCM PCK@1◦: 0.273→ 0.142 at 10◦

pitch, 0.034 at 30◦, though still best at every angle; Supp. Tab. 5), and SCCM
is not tilt-equivariant (failure case: Supp. Sec. N). It also inherits the frozen en-
coder’s (DINOv2-Large) limitations in texture-less, photometrically ambiguous,
or low-overlap regions. SCCM has been trained only on Matterport3D (indoor)
and Holo360D (outdoor); applied zero-shot to a further outdoor corpus, the
Holo360D-trained model leads only at ≤ 1◦ (Supp. Sec. P). SCCM leaves the
refiner sphere-naïve (Supp. Sec. O). Rotation-equivariant coarse matching on
SO(3), ambiguity-aware encoders, and sphere-aware fine refinement are future
work.
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