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Figure 8. RoPE-enhanced instance segmentation decoder architecture. The decoder iteratively re�nes query tokens through cross-
attention with scene features and self-attention among queries. RoPE is applied separately to encode 3D spatial relationships in both
attention mechanisms using absolute coordinates from the scene.
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whereR �;�p is a block-diagonal rotation matrix parameter-
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where eachR d(� d) for d ∈ {x; y; z} is a 2D rotation
matrix applied to pairs of feature dimensions, and� d =
�p d=base2m=d h for frequency indexm. The block-diagonal
structure allows independent encoding of each spatial dimen-
sion. We provide detailed formulations in Appendix A.1.

In our backbone, RoPE is applied with relative displace-
ments within local sliding windows (Sec. 4.3); in the in-
stance decoder (Sec. 4.4), RoPE is applied for query�scene
cross-attention to preserve point locations.

4.4. Proposal-Free Instance Segmentation Decoder

Unlike multi-stage pipelines that depend on external region
proposal networks (e.g. Mask3D (Schult et al., 2023), Seg-
ment3D (Huang et al., 2024a)) followed by per-proposal fea-
ture extraction and heuristic merging, our decoder predicts
masks directly from a �xed set of learned queries via mask
attention (Cheng et al., 2022), in the spirit of DETR (Carion
et al., 2020)�end-to-end, single forward pass, no external
modules or heuristic post-processing.

Iterative Re�nement with RoPE. The decoder (Fig. 8) con-
sumes per-point featuresF ∈ RN�D andQ=200 learned
query embeddingsQ (0) . It re�nes queries throughT =3
shared-weight iterations of cross-attention, self-attention,
and FFN, usingS randomly sampled points per forward pass
for ef�ciency. In cross-attention we apply 3D RoPE (Eq.(4))
to keys based on their 3D coordinates; since learned queries
skip RoPE, the rotated keys encode absolute coordinates�
critical for performance (Tab. 8).

Prediction Heads. AfterT iterations we use all points and
predict instance masksM = �(F(W M Q (T ) )> ) ∈ RN�Q ,
foreground/background logitsC = W C Q (T ) , and CLIP

featuresZ = W CLIPQ (T ) . At inference we assign labels by
argmax cosine similarity betweenZ and the text embeddings
of all candidate labels in the evaluation vocabulary.

Optimization. We train with L = � maskLmask +
� CLIPLCLIP + � fgLfg with Hungarian matching, whereLmask
is BCE+Dice (Cheng et al., 2022),LCLIP is InfoNCE (Oord
et al., 2018), andLfg is the query objectness loss. We use
Muon (Jordan et al., 2024) for≥2D hidden-layer parameters
and AdamW for the rest (Appendix A.9).

5. Experiments

Datasets. We train on SpaCeFormer-3M built via the
Sec. 3 pipeline over ScanNet, ScanNet++, Matterport3D,
and ARKitScenes (Dai et al., 2017; Yeshwanth et al.,
2023; Chang et al., 2018; Baruch et al., 2021) (54.3% vs.
2.5% mask recall at IoU> 0.5; Tab. 2). We evaluate on
Replica (Straub et al., 2019) (8 scenes, zero-shot), Scan-
Net++ (Yeshwanth et al., 2023) (100 classes), and Scan-
Net200 (Rozenberszki et al., 2022) (200 classes).

Implementation Details. We train on 4 nodes× 8 NVIDIA
H100 GPUs with batch size 32 for 25k iterations (∼1.5
days) using Muon (Jordan et al., 2024) and AdamW. End-to-
end per-scene inference latency (voxelization + backbone
+ decoder + mask extraction; FP16 autocast, batch 1, single
NVIDIA GB200) is 0.12 s on ScanNet200, 0.22 s on
Replica, and 0.30 s on ScanNet++, tracking per-scene
point counts (∼170k,∼800k,∼1.6M avg, respectively);
one-time CLIP text encoding (∼0.02 s) is excluded as it
amortizes across scenes. The decoder scales near-linearly
in N (∝ N 0:98 , R2=0:97; Fig. 9), matching theO(N · Q)
cross-attention gather overQ=100 queries; total latency
scales sub-linearly (∝ N 0:39 ) because the sparse-conv
backbone depends on voxel topology and dominates at
smallN , ceding to the decoder forN&800k. We primarily
evaluate open-vocabulary 3D instance segmentation.

5.1. Comparison with Existing Methods

Zero-Shot Evaluation on Replica. Replica (Straub et al.,
2019) (8 scenes) is never seen at training; we use it for
cross-domain transfer. Tab. 3: SpaCeFormer reaches 24.1
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