
Code Implementation1

We have included our code implementation in the supplementary zip file, and also released it in the2

following anonymous repository: https://anonymous.4open.science/r/siu3r-BF1E.3

Appendix4

In this appendix, we provide additional content to complement the main manuscript:5

• Appendix A: Additional Implementation Details6

• Appendix B: Comparisons with Per-Scene Optimization Methods7

• Appendix C: Additional Visualizations8

A Additional Implementation Details9

A.1 Data Preprocessing10

As described in Sec.4.1 of our main manuscript, we utilize ScanNet[1] for training and validation. We11

adopt the official training and validation dataset splitting of ScanNet, and then resize and crop original12

images to centered images at 256× 256 resolution. The camera’s intrinsic parameters have also been13

adjusted accordingly. We followed [2]’s camera conventions, where intrinsics are normalized and14

extrinsic parameters are OpenCV-style camera-to-world matrices.15

Our data samples are obtained by randomly sampling context image pairs with certain overlaps. The16

overlap is determined by a pair-wise Intersection over Union (IoU) metric as shown in Fig.I. During17

training, we constrain the IoU to [0.3, 0.8] to randomly select our training samples from scenes.18

Specifically, the IoU metric can be calculated as follows:

Figure I: IoU matrix of ScanNet scene0011_00
19

1. For a pair of images I1, I2, obtain their depths D1, D2, poses P1, P2 and intrinsic K.20

2. Unproject D1 into world coordinates and project them to D2’s camera to obtain D′
1. Only21

depths satisfying |D′
1 −D2| < 0.1 are considered as valid.22

3. Calculate the intersection over union ratio as:

IoUi→j =
#valid projected depths

#total depths

4. Calculate IoU1→2 and IoU2→1.23
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5. Define the final IoU as:
IoU =

IoU1→2 + IoU2→1

2

The same IoU-based sampling strategy is also adopted in our evaluation, where we select 1,86024

context image pairs to formulate the validation set. The curated evaluation benchmark and its25

processing scripts will be made publicly available for reproducing our results.26

A.2 Network Architecture and Hyperparameters27

In Table I (a), the order from top to bottom are the network details of Image Encoder, Gaussian28

Decoder, Unified Query Decoder, respectively. In Table I (b), we specify loss weights for Eq.5 in our29

main manuscript, which is followed by parameters used in our training phase. To enable the Unified30

Query Decoder to leverage MASt3R features for scene understanding, we pre-trained the decoder on31

COCO dataset [3] while keeping the Image Encoder’s weights frozen. The pre-trained weights will32

be publicly released to facilitate further research and development.33

(a) Network Architecture

Image Encoder

architecture ViT encoder with Adapter[4]
initialization MASt3R[5]
# depth of ViT encoder 24
# embed dim of ViT encoder 1024
# attn heads of ViT encoder 16
positional embedding RoPE
# patchsize 16
# interaction blocks of adapter [5, 11, 17, 23]
attention of adapter MSDeformAttn
# attention heads of adapter 16
# inplanes of adapter spatial prior module 64
# embed dim of adapter spatial prior module 1024
# ref points 4
# deform ratio 0.5

Gaussian Decoder

architecture ViT decoder with DPT head[6]
initialization MASt3R[5]
# depth of ViT decoder 12
# embed dim of ViT decoder 768
# attn heads of ViT decoder 12
# channels of DPT head 83
# sh degree 4
# min gaussian scale 0.5
# max gaussian scale 15.0

Unified Query Decoder

architecture mask decoder[7, 8]
# queries 100
# probability score threshold of queries τc 0.5
# probability score threshold of pixels τ 0.3
# attn layers for text refer segmentation 6

(b) Hyperparameters
Loss Weights # λ1, λ2, λ3, λ4, λ5 1.0, 0.5, 0.05, 0.05, 1

Training Details

learning rate scheduler Cosine
# epochs 100
# learning rate 1e-4
# batch size on each device 3
training devices 8 * RTX 4090
optimizer AdamW[9]
# beta1, beta2 0.9, 0.95
# weight decay 0.05
# warm-up epochs 3
# gradient clip 1.0

Table I: Details of network architecture and hyperparameters. In the table, “#” denotes numerical
parameters. We present parameters that specify our network architecture, and parameters used in our
loss functions and training phase, in (a) and (b), respectively.

A.3 Implementation Details about Versatile 3D Editing34

As shown in Fig.1 of main manuscript, our simultaneous modeling of scene understanding and 3D35

reconstruction enables diverse 3D scene manipulations through unified pixel-aligned representations,36

including instance removal, replacement, relocation, and recoloring.37

Here we take instance removal as an example to derive the implementation of such 3D editing:38
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1. Conduct inference to obtain SIU3R field with pixel-aligned 3D masks M and Gaussians G.39

2. Remove Gaussians for a specified instance (ID = ins_id):

G′ = G \ {gij
v |Mv,ij

ins = ins_id}

3. The modified Gaussians G′ are rendered into original context views to obtain images I ′,40

with an off-the-shelf diffusion-based inpainting model [10] applied to fill the removed41

regions while ensuring visual coherence.42

4. Conduct inference once again and rebuild SIU3R field from I ′.43

For other 3D editing tasks (i.e. instance replacement, relocation and recoloring), we adopt a similar44

approach powered by different diffusion models [11–13].45

B Comparisons with Per-Scene Optimization Methods46

We also compare our approaches to methods (i.e., Feature-3DGS[14] and NeRF-DFF[15]) that require47

dense view capturing and per-scene optimization. Both of the two per-scene optimization methods48

follow a feature alignment paradigm similar to the feed-forward method LSM[16], where their 3D49

understanding capabilities are powered by off-the-shelf 2D vision language models that can only50

support language-guided segmentation. To enable the training of Feature-3DGS and NeRF-DFF, we51

uniformly select dense views (i.e., ∼100 images) as input and conduct per-scene optimization for52

each scene to align 3DGS or NeRF field with 2D features via rasterization. As shown in Table II,53

our method surpasses all of the feature alignment-based approaches by a large margin in the task of54

scene understanding, no matter they perform reconstruction in per-scene optimization (Feature-3DGS55

and NeRF-DFF) or feed-forward (LSM) manner. Besides, benefiting from our align-free framework,56

our method can further enable instance-level understanding tasks such as instance and panoptic57

segmentation. Furthermore, our method is the fastest in reconstruction speed, significantly surpassing58

Feature-3DGS and NeRF-DFF, and leading ahead of LSM. Considering that Feature-3DGS and59

NeRF-DFF use much more training images than our method, our performance in novel view synthesis60

is acceptable while achieving the best depth accuracy owing to our mask-guided geometry refinement61

module. As shown in Fig.II, we also make qualitative comparisons with these feature alignment-based62

methods, where our method achieves superior mask quality and semantic coherence.63

Table II: Quantitative Comparisons with Per-Scene Optimization Methods.
Depth Estimation Novel View Synthesis Scene Understanding Efficiency

AbsRel ↓ RMSE ↓ PSNR ↑ SSIM ↑ LPIPS ↓ mIoU ↑ mAP ↑ PQ ↑ Reconstruction Time ↓
Feature-3DGS[14] 0.1546 0.3585 28.69 0.8893 0.2171 0.3965 - - 145.30min

NeRF-DFF[15] 0.1846 0.4151 20.12 0.6252 0.5136 0.3410 - - 2.71min
LSM[16] 0.07468 0.2190 21.88 0.7336 0.3035 0.2745 - - 0.24s

Ours 0.07421 0.2081 25.96 0.8220 0.1841 0.5922 0.2817 0.6612 0.13s

C Additional Visualizations64

C.1 Instance, Panoptic and Text-Referred Segmentation65

In our main manuscript, we have included qualitative comparisons with other methods and demon-66

strated our superiority in semantic segmentation. Here we provide additional qualitative results67

of instance and panoptic segmentation for further demonstration. As shown in Fig.III, compared68

to 2D-based method Mask2Former[8] that leads to noisy mask boundaries, our method exhibits69

significantly higher mask quality. As shown in Fig.III, when performing panoptic segmentation, our70

method exhibits excellent mask consistency across different views and significantly outperforms71

other methods in mask quality. Similar effects can also be observed in text-referred segmentation72

results as shown in Fig.V. We attribute the superiority of our method to the simultaneous modeling73

of scene understanding and 3D reconstruction, which effectively leverages 3D geometric clues to74

aggregate semantic information from different views, and propagates them back to the original views75

to ensure cross-view consistency and improve segmentation accuracy.76
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GTs Ours LSM Feature-3DGS NeRF-DFF

Figure II: Qualitative Comparisons with Per-Scene Optimization Methods. Note that the per-
scene optimization methods Feature-3DGS and NeRF-DFF require about 100 images for each scene
during training, while our method and LSM perform with only 2 context images in a feed-forward
manner.

C.2 Depth Estimation77

As illustrated in Fig.VI, compared to other feed-forward reconstruction methods, our approach78

achieves significantly superior depth quality with less artifacts and better coherence. We attribute79

this to our mask-guided geometry refinement module, which ensures geometry consistency within80

the same object instances under semantic guidance of 2D masks, and thus reduces erroneous depth81

variations that typically observed in other approaches.82

C.3 Versatile 3D Editing83

As shown in Fig.VII, we present a comprehensive set of versatile 3D editing results, demonstrating84

SIU3R’s potential for diverse 3D manipulation applications. Furthermore, this capability establishes85

an effective baseline that bridges geometric reconstruction, scene understanding and manipulation in86

3D environments.87
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RGB GTs Ours Mask2former

Figure III: Qualitative Results of Instance Segmentation.
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RGB GTs Ours Mask2former LSM (sem seg.) LSeg (sem seg.)

Figure IV: Qualitative Results of Panoptic Segmentation.
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this is a gray 
and green 

recycling bin. it 
is is in front of 

cabinets.

a swivel chair sits 
sandwhiched 
between a 

stationary chair 
and a fan. it's the 
closest chair to 

the window.

RGB GTs Ours LSM LSegTexts

this is a toilet. 
it is made of 

porcelain.

there is a 
rectangular 
black trash 
can. it is in 
front of a 
window.

it is a blue 
couch

Figure V: Qualitative Results of Text-Referred Segmentation.

RGB GTs Ours NoPoSplat LSM MVSplat pixelSplat

Figure VI: Qualitative Results of Depth Estimation.
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Original

“Remove tables in 
front of the white 

sofa”

“Re-colorize the 
white sofa into red”

“Replace tables 
with wooden chairs”

“Move the table a 
little to the right”

Original “Re-colorize the 
carpet into blue”

“Move the trash bin 
a little forward”

“Remove the toilet” “Replace toilet with 
chair”

Original “Re-colorize the 
table into grey”

“Move the door to 
the right”

“Remove the door” “Replace chairs 
behind the table 
with red sofa”

Figure VII: Qualitative Results of Versatile 3D Editing.
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