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Large Reconstruction 
Model (LRM)
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Introduction
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Task: X to 3D
ÅImage-to-3D

ÅText-to-3D

ÅMulti -view-to-3D, Video-to-3D. Ǽ
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What is a Large Reconstruction Model?

4

Feed-Forward Network
trained on large data to generalize

Input: 
single image, 
ufyu. Ǽ

Output : 
Radiance field 
representation, 
e.g., NeRF, 3DGS
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3D Vision Foundation 
Models

5
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Recap: Masked Auto-encoder (MAE)

6

ÅMasked Image Modelling (MIM)

Jf fu bm0 ǶObtlfe Cvupfodpefst Csf %dbmbcmf Wjtjpo NfbsofstǷ0 

Reconstruct the image 
-> L2 loss on the 
masked patches
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Masking for 3D Vision Pretraining
ÅPretrain ViT on multiple views

7
Weinzaepfel fu bm0 ǶCroCo: Self-Supervised Pre-training for 3D 

Vision Tasks by Cross-View Completion Ƿ0 

Generation based on high -
level semantic information 
(plausible hallucination)

Reconstruction based on reference view. 
Requires: understanding scene 
geometry and spatial relationship
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Masking for 3D Vision Pretraining
ÅEncoder-Decoder ViT architecture

ÅTwo choices to combine image tokens

8
Weinzaepfel fu bm0 ǶCroCo: Self-Supervised Pre-training for 3D 

Vision Tasks by Cross-View Completion Ƿ0 
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Weinzaepfel fu bm0 ǶCroCo: Self-Supervised Pre-training for 3D 

Vision Tasks by Cross-View Completion Ƿ0 

Input: 
reference view

Input:
masked target 

Output

Ground-Truth
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Downstream: (stereo) depth
ÅTrain DPT-head using intermediate features

10
Weinzaepfel fu bm0 ǶCroCo v2: Improved Cross-view 

Completion Pre -training for Stereo Matching and Optical Flow Ƿ 

1. Reassemble flattened tokens into HxW
2. CNN with multi -resolution feature fusion

[Ranftl et al.]

https://arxiv.org/pdf/2103.13413
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DUSt3R
ÅFinetune CroCo up qsfejdu ǶPointmapsǷ

11
Xboh fu bm0 ǶDUSt3R: Geometric 3D Vision Made EasyǷ 

ARKitScenes
ScanNet++ v1
ScanNet++ v2
BlendedMVS

Å 3D regression

Pointmaps of both images in the same 
coordinate system

Å Mix synthetic/real datasets
WayMo Open
Habitat
MegaDepth
StaticThings3D

https://download.europe.naverlabs.com/ComputerVision/DUSt3R/scannetpp_pairs.zip
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/scannetpp_pairs.zip
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/scannetpp_v2_pairs.zip
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/scannetpp_v2_pairs.zip
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/blendedmvs_pairs.npy
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/waymo_pairs.npz
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/waymo_pairs.npz
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/habitat_5views_v1_512x512_metadata.tar.gz
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/megadepth_pairs.npz
https://download.europe.naverlabs.com/ComputerVision/DUSt3R/staticthings_pairs.npy
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2-View Ą N-View 

12

Xboh fu bm0 ǶDUSt3R: Geometric 3D Vision Made EasyǷ Nfspz fu bm0 ǶMASt3R: Matching And Stereo 3D ReconstructionǷ 
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Unifying all 3D vision tasks?
ÅEpvme Ƕefotf 5F sfdpotusvdujpoǷ cf b Ƕtvqfs ubtlǷ gps 

3D vision?

13tmjef bebqufe gspn ǶFrom CroCo to MASt3R - Naver Labs EuropeǷ

https://europe.naverlabs.com/wp-content/uploads/2024/09/duster-talk.pdf
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How does DUSt3R work internally?
ÅTrain low-qbsbn ǶqspcftǷ up efdpef joufsnfejbuf 

features into pointmaps .
ÅVisualize how reconstruction evolves over time

14
%ubsz fu bm0 ǶUnderstanding multi -view transformersǷ 
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How does DUSt3R work internally?

15
%ubsz fu bm0 ǶUnderstanding multi -view transformersǷ 

correct orientation appears after ~9 blocks

feature similarity of correspondences 
increases throughout blocks
Ątpnf fwjefodf uibu ju ǶmfbsotǷ gfbuvsf 
matching internally?
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VGGT
ÅReplace CroCo with DINOv2 features

16
Xboh fu bm0 ǶVGGT: Visual Geometry Grounded TransformerǷ 

(CVPR 2025 Best Paper Award)

https://arxiv.org/abs/2304.07193
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VGGT

17
Xboh fu bm0 ǶVGGT: Visual Geometry Grounded TransformerǷ 

(CVPR 2025 Best Paper Award)
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VGGT
ÅViT with ~1B parameters, attention across all frames

18
Xboh fu bm0 ǶVGGT: Visual Geometry Grounded TransformerǷ 

(CVPR 2025 Best Paper Award)
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Depth Anything 3
Å Dual-DPT head predicts depth and raymaps
Å 3DGS head predicts per-pixel {mean, covariance, opacity, color}

19
Njo fu bm0 ǶDepth Anything 3: Recovering the Visual Space from Any Views Ƿ
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Depth Anything 3

20
Njo fu bm0 ǶDepth Anything 3: Recovering the Visual Space from Any Views Ƿ
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Depth Anything 3

21
Njo fu bm0 ǶDepth Anything 3: Recovering the Visual Space from Any Views Ƿ
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Large Reconstruction 
Model (LRM)

22
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PixelNeRF

23

Input images PixelNeRF NeRF

\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRF

24

Input images

Input image PixelNeRF

PixelNeRF

\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱSingle Image Input

25\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱSingle Image Input

26

1. Extract features 
from input image 
with CNN encoder

Input Image

Target Image

Image Encoder

\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱSingle Image Input

27

1. Extract features 
from input image 
with CNN encoder

2. Shoot camera 
rays from pixels of 
the target view

Input Image

Target Image

Image Encoder

\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱSingle Image Input

28

1. Extract features 
from input image 
with CNN encoder

2. Shoot camera 
rays from pixels of 
the target view

3. Determine features for sample 
points along the rays: 
Å Project 3D points to image plane.
Å Bilinearly interpolate image features

Input Image

Target Image

Image Encoder

\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱSingle Image Input

29

Input Image

Target Image

3D Position +
View Direction

Image Feature

Color + Opacity

Image Encoder

MLP
\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱSingle Image Input

30

Ą Volume rendering and 
supervision as in NeRF. 

\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images
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PixelNeRFǱMulti -View Input

31\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images

Ą There are multiple image feature vectors. 
How should we aggregate them?
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PixelNeRFǱMulti -View Input

32\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images

3D Position +
View Direction

MLP

Color + 
Opacity

Image Feature
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PixelNeRFǱArchitecture

33\Zv fu bm0 ǳ43^ pixelNeRF: Neural Radiance Fields from One or Few Images

Important : Position & view direction 
are in input coordinate system. 
Ą View direction provides crucial 
information on relevance of a 
source view.

In single-image case, network 
boils down to 5 ResNet blocks.

Fully-connected ResNet
architecture
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LRM: Large Reconstruction Model

34

Image 
Encoder

Image-to-
Triplane 
Decoder

Triplane 
NeRF

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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LRM ǱImage Encoder

35

Patchify image 
into sequence

Self-attention 
between patches

Patch-wise 
feature tokens

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F

Pretrained
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LRM: Large Reconstruction Model

36

Image 
Encoder

Image-to-
Triplane 
Decoder

Triplane 
NeRF

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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LRM ǱImage-to-Triplane Decoder

37

Per 
triplane 

cell

Å Contain normalized extrinsics and 
intrinsics

Å Are encoded to high -dimensional 
camera embedding by MLP

2 different conditional operations:
Å Cross-attention with input image patches
Å Modulation with camera features

Upsample
triplane 
features

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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LRM ǱImage-to-Triplane Decoder

38

2 different conditional operations

Cross-attention with input image patches
Ą control fine -grained geometric and color information 

Modulation with camera features
Ą control orientation and 
distortion of the whole shape

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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LRM: Large Reconstruction Model

39

Image 
Encoder

Image-to-
Triplane 
Decoder

Triplane 
NeRF

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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LRM ǱTriplane NeRF

40

3 axis-aligned 
feature planes

How to extract triplane features for a 3D point?
1. Project point onto each plane
2. Trilinearly interpolate triplane features
3. Obtain one vector per triplane

MLP maps features 
to color and density

Volume rendering as in NeRF; 
Training with color and LPIPS 
rendering losses

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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LRM ǱResults

41

Input 
Image

Rendered Novel Views Rendered Novel ViewsInput 
Image

\Jpoh fu bm0 ǳ46^ NTO< Nbshf Tfdpotusvdujpo Opefm gps %johmf Knbhf up 5F
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GRM: Large Gaussian Reconstruction Model

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo

Single image to 3D Text to 3D

Multi -view to 3D
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GRM: Large Gaussian Reconstruction Model

43

Facilitate text and single image input 
by using pretrained generators

4 images and 
camera poses

Vision Transformer 
Encoder

Transformer-based 
Upsampler

Combine pixel -aligned Gaussians 
to single 3DGS representation

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: ViT Encoder

44

1. Concatenate image with camera
poses as Plücker rays

2. Encode with CNN tokenizer to
create one sequence from all 4 
images τ ϳ ϳ

3. Append learnable image position
encodings .

4. Series of self-attention layers
attending to all tokens across the
input views. 

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Large Gaussian Reconstruction Model

45

Facilitate text and single image input 
by using pretrained generators

4 images and 
camera poses

Vision Transformer 
Encoder

Transformer-based 
Upsampler

Combine pixel -aligned Gaussians 
to single 3DGS representation

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Transformer-based Upsampler
ÅMultiple upsample blocks 

progressively upsample by 
factor 2 until reaching Ὄ ὡ

ïQuadruple number of 
channels

ïDouble spatial dimension 
with PixelShuffle

46\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Transformer-based Upsampler
ÅMultiple upsample blocks 

progressively upsample by 
factor 2 until reaching Ὄ ὡ

ïQuadruple number of 
channels

ïDouble spatial dimension 
with PixelShuffle

47

https://nico -curti.github.io/NumPyNet/NumPyNet/layers/pixelshuffle_layer.html

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Transformer-based Upsampler

48

ïWindowed Self-Attention : 
balance between need
for non-local multi -view 
information aggregation 
and feasible computation 
cost

ÅSeparate linear heads
produce Gaussianfeatures

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Large Gaussian Reconstruction Model

49

Facilitate text and single image input 
by using pretrained generators

4 images and 
camera poses

Vision Transformer 
Encoder

Transformer-based 
Upsampler

Combine pixel -aligned Gaussians 
to single 3DGS representation

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Pixel-aligned 3D Gaussians
ÅPredict one Gaussianper pixel, i.e., one

Gaussianattribute map Ὄ ὡ ὅper 
input image, ὅ ρς, depth (1), rotation (4), 
scale (3), opacity (1), rgb (3).

Ą Pixel-aligned Gaussiansare easier to
learn
Ą 3D Gaussiansrender in real-time

50

Image from [ Charatanfu bm0 ǳ46^

\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM: Pixel-aligned 3D Gaussians
1. Backproject pixel-aligned 

Gaussians to single 3DGS 
representation

2. Render as in 3DGS
3. Supervise novel views with 

image (color & perceptual) 
and mask loss

51\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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GRM - Results

52\Yv ( %ij fu bm0 ǳ46^ ITO< Nbshf Ibvttjbo Tfdpotusvdujpo Opefm gps Gggjdjfou 5F Tfdpotusvdujpo boe Ifofsbujpo
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Long-LRM: Long-sequence Large 
Reconstruction Model

53

Ą from 32 
images in 
1.3s

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM: Long-sequence Large 
Reconstruction Model

54

Hybrid Blocks: Mamba2 + Transformer

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM ǱHybrid Block
ÅCombine Mamba2 blocks & transformer blocks Ą

better scalability to higher resolution & denser views
ÅHybrid block = 7 Mamba2 blocks + 1 transformer block

55

O(L) O(L^2)L = Sequence Length

Due to global 
self-attention

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM ǱMamba2 Block
ÅMamba2 block [Dao & Guǵ46^ is designed for

language tasksĄ scans through sequence in one
direction Ą suboptimal for images.

ÅWjtjpo Obncb \[iv fu bm0 Ǵ46^ ublf cj-directional scans 
over the concatenated token sequence

56

Hidden State Input Token

Output Token

Compute state
params from input
using linear layer

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM: Long-sequence Large 
Reconstruction Model

57

Hybrid Blocks: Mamba2 + Transformer

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM ǱToken Merge

1. Reshape input sequence ὒ Ὀback to ὔ Ὀ

where ὔ #images, ὴ patch size
2. Apply 2D convolution , kernel size 2, stride 2, resulting

in ὔ Ὀᴂ

3. Resape back to Ὀᴂ

Ą Reduces sequence length to 1/4

58[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM: Long-sequence Large 
Reconstruction Model

59

Hybrid Blocks: Mamba2 + Transformer

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM ǱDecode to Gaussians
ÅDecode output tokens to per-pixel Gaussian

parameters
ÅAt training-time prune to fixed number of Gaussians, 

at test-time prune by opacity Ą improve efficiency at 
high resolution and increased views

60[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM ǱTraining Objective

61

Depth regularizer
to avoid ǶfloatersǶ

Opacity regularizer to reduce the
number of relevant Gaussians

[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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Long-LRM ǱResults

62[Chen et al. 2024] Long-LRM: Long-sequence Large Reconstruction Model for Wide -coverage Gaussian Splats
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LVSM
Novel -view-synthesis with a 
purely transformer -based 
architecture 

*op ǶsfbmǷ 5F sfqsftfoubujpo!+

63[Jin et al. 2024] LVSM: A Large View Synthesis Model with Minimal 3D Inductive Bias
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LVSM

64[Jin et al. 2024] LVSM: A Large View Synthesis Model with Minimal 3D Inductive Bias

Plain ViT + camera control with raymaps
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LVSM

65[Jin et al. 2024] LVSM: A Large View Synthesis Model with Minimal 3D Inductive Bias

ÅPlücker: per-pixel parameterization
ï Given: ray originέɴ ᴙ , ray direction Äɴ ᴙ

ï Calculate: ά έ Ὠ, ὖ Ὠȟά ᶰᴙ

ÅInput: concat image tokens/ plucker
ÅTarget views: only plucker
ÅPredict novel view using full transformer model

ÅTrain with photometric and perceptual NVS losses
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LVSM

66[Jin et al. 2024] LVSM: A Large View Synthesis Model with Minimal 3D Inductive Bias

ÅPlücker: per-pixel parameterization
ï Given: ray originέɴ ᴙ , ray direction Äɴ ᴙ

ï Calculate: ά έ Ὠ, ὖ Ὠȟά ᶰᴙ

ÅInput: concat image tokens/ plucker
ÅTarget views: only plucker
ÅPredict novel view using full transformer model

ÅTrain with photometric and perceptual NVS losses



Prof. Niessner

LVSM

67[Jin et al. 2024] LVSM: A Large View Synthesis Model with Minimal 3D Inductive Bias

ÅEncoder-Decoder architecture:
ïNbufou uplfot bsf Ƕtdfof 
sfqsftfoubujpoǷ

ïFaster decoding, but lower 
quality


