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Abstract

Sparse-view 3D CT reconstruction aims to recover vol-
umetric structures from a limited number of 2D X-ray pro-
Jjections. Existing feedforward methods are constrained by
the scarcity of large-scale training datasets and the absence
of direct and consistent 3D representations. In this paper,
we propose an X-ray Large Reconstruction Model (X-LRM)
for extremely sparse-view (<10 views) CT reconstruction.
X-LRM consists of two key components: X-former and X-
triplane. X-former can handle an arbitrary number of
input views using an MLP-based image tokenizer and a
Transformer-based encoder. The output tokens are then up-
sampled into our X-triplane representation, which models
the 3D radiodensity as an implicit neural field. To support
the training of X-LRM, we introduce Torso-16K, a large-
scale dataset comprising over 16K volume-projection pairs
of various torso organs. Extensive experiments demonstrate
that X-LRM outperforms the state-of-the-art method by 1.5
dB and achieves 27x faster speed with better flexibility.
Furthermore, the evaluation of lung segmentation tasks also
suggests the practical value of our approach. Our code
and dataset will be released at ht tps://github.com/
Richard-Guofeng—-Zhang/X—LRM.

1. Introduction

Computed Tomography (CT) uses X-rays with penetrat-
ing power to reveal internal structures non-invasively. It is
widely used in medical imaging for disease diagnosis, treat-
ment planning, and surgical navigation [12, 13, 22, 23]. In
particular, CT reconstruction aims to recover the 3D radio-
density of the scanned object given 2D X-ray projections.
Traditional methods [1, 17, 42, 54] usually require hun-
dreds of X-ray projections to yield good reconstruction
quality, which exposes significant radiation to patients. Re-
cently, some self-supervised algorithms based on neural
radiance field (NeRF) [7, 55] or 3D Gaussian splatting
(3DGS) [5, 57] have been designed to reconstruct CT with
~ 50 projections. Yet, these methods usually require a long
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Figure 1. Our X-LRM outperforms previous 3D feedforward
methods in quality and efficiency, including DIF-Net [29], DIF-
Gaussian [30], and C2-RV [31]. Our collected CT dataset, Torso-
16K, is over 18 x larger than previous benchmarks: LUNA16 [40],
ToothFairy [11], and AAPM-Myo [35].

time (~15 minutes) for each reconstruction with still rela-
tively high radiation exposure. In this work, we study the
extremely sparse-view (<10 views) CT reconstruction in a
feedforward manner to inference in one second.

Some recent works [24, 29-31, 34] also try to explore
this task. However, existing feedforward methods suffer
from the following issues. (i) They rely on single-organ
datasets containing fewer than 1,000 cases [11, 35, 40],
which severely lack the diversity and scale required to de-
velop robust and generalizable models. (ii) The number of
the input projections of existing methods is fixed and can-
not be adjusted, which lacks flexibility and limits the appli-
cation in practice. (iii) Previous feedforward methods lack
an explicit 3D representation, which limits their ability to
model complex spatial structures and hampers performance
in sparse-view or large-scale 3D reconstruction settings.

To cope with these problems, we design an X-ray Large
Reconstruction Model (X-LRM), for extremely sparse-view
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(< 10 views) CT recovery. X-LRM consists of two parts:
X-former and X-triplane. Firstly, X-former uses a multi-
layer perception (MLP) based tokenizer to split an arbitrary
number of input images into patch tokens. Then X-former
adopts a pure Transformer [16] encoder to compute the self-
attention among these patch tokens. The output tokens of
the X-former are then upsampled and reshaped into our X-
triplane representation. The point feature of the X-triplane
is fed into an MLP to learn an implicit neural field of the
3D volume radiodensity. To explore the potential of large-
scale training, we collect a 3D CT reconstruction dataset,
Torso-16K, containing ~ 16K volume-projection data pairs.
With the proposed techniques and collected dataset, our X-
LRM can significantly benefit from large-scale training to
boost the reconstruction quality and flexibly handle differ-
ent numbers of input X-ray projections.
In a nutshell, our contributions can be summarized as:

* We propose X-LRM, a novel feedforward framework for
sparse-view CT reconstruction.

* We design a Transformer-based encoder, X-former, to
flexibly encode an arbitrary number of input X-ray pro-
jections. Besides, we present a new 3D representation,
X-triplane, which directly and consistently models the ra-
diodensity in X-ray imaging.

* We collect a large-scale dataset, Torso-16K, containing
over 16K samples of 2D X-ray projections and 3D CT
volumes. To the best of our knowledge, our Torso-16K is
the largest CT reconstruction benchmark and is over 18 x
larger than the existing largest dataset.

* X-LRM drastically outperforms the SOTA by 1.5 dB
PSNR and is 27 faster in inference.

2. Related Works
2.1. Sparse-View CT Reconstruction

We adopt a cone-beam CT (CBCT) setup that acquires
multi-view 2D X-ray projections for volumetric reconstruc-
tion. Existing sparse-view CT reconstruction approaches
can be categorized into optimization-based and prediction-
based methods. Optimization-based methods iteratively re-
fine the 3D volume to align with the measured projections.
Traditional methods [1, 39, 43] formulate reconstruction
as a maximum a posteriori problem, while learning-based
methods leverage neural representations [5, 6, 41, 55, 57]
and diffusion models [9, 10, 27]. Despite their effective-
ness, these methods typically require minutes to hours to
process a single case, making them impractical for real-time
clinical applications. Prediction-based methods, in contrast,
utilize neural networks to learn semantic priors from ex-
ternal datasets. Given a test case, they employ pre-trained
models for projection extrapolation [2, 18], slice denois-
ing [25, 34, 47], or volume regression [29-31]. While these
methods enable rapid inference, they are constrained by the

limited capacity of CNN-based models and the scarcity of
large-scale training datasets. We cope with these problems
by designing X-LRM and collecting Torso-16K.

2.2. Feedforward 3D Reconstruction

Unlike optimization-based methods NeRF [37] or 3D gaus-
sian splatting [26], which take time-consuming optimiza-
tion phase for shape recovery, feedforward 3D reconstruc-
tion aims to learn diverse geometry types (e.g., mesh [48,
52], implicit fields [36, 53] etc.) from input images in a
forward manner with neural network architectures. Boost-
ing from large-scale 3D datasets like Objaverse-XL [14, 15]
and the scalability of Transformer architectures [46], Large
Reconstruction Model [21] and its subsequent variants [8,
19, 28, 44, 49, 51, 58] has greatly promoted reconstruction
ability and efficiency of current fields. However, due to the
data scarcity of CT reconstruction and 3D model, current
feedforward CT reconstruction methods often suffer from
poor reconstruction quality and generalization. Our goal is
to fill these research gaps.

3. Method

The pipeline of our method is shown in Fig. 2. Our X-
LRM consists of two parts: X-former and X-triplane, corre-
sponding to Fig. 2 (b) and Fig. 2 (c). X-former begins with
an MLP-based image tokenizer. Then a Transformer-based
encoder processes an arbitrary number of multi-view im-
age tokens with view-associated ray information into patch-
based features. These features are then mapped into triplane
tokens through cross-attention in a triplane decoder. We up-
sample and unpatchify these tokens to our X-triplane repre-
sentation. Finally, we adopt an MLP to learn an implicit
mapping from the 3D point features on the triplane to the
corresponding volume radiodensity.

3.1. X-former

As aforementioned, existing feedforward methods struggle
with large-scale training and varying numbers of projec-
tions, resulting in degraded performance, limited scalabil-
ity, and reduced flexibility. To address these challenges, we
propose X-former, an architecture composed of an MLP-
based image tokenizer and a Transformer-based image en-
coder tailored for variable-view processing.

Image Tokenizer. As shown in Fig. 2 (b), the input to the
tokenizer is multi-view X-ray projections I; € RZ*Wx1
concatenated with the corresponding viewpoint camera
conditions C; € R¥*Wx6_We denote the input at the i-
th view as X; = [I;,C;] € RF*WX7_ During training,
X-former can take varying numbers of views, denoted as
V = {W,Vs,...,V,,}, where m is the count of varying
numbers of input views. For a specific V;, the input is de-
noted as X = [Xy,Xa,...,Xy,] € RViXHXWXT 'where
V; € V can change dynamically during training.
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Figure 2. The overall architecture of X-LRM: (a) We collect Torso-16K, the largest CT reconstruction dataset (Sec. 4.1). (b) Our X-Former
features an image tokenizer and encoder, designed to process a variable number of input views (Sec. 3.1). (c) Our X-Triplane includes a
triplane decoder followed by our implicit neural field, directly predicting the 3D CT volume U (Sec. 3.2).

We adopt the Reference-Point Pl”ucker Coordinate
(RPPC) [8] as our camera condition, as it encodes more
ray position and relative depth information than stan-
dard PI’ucker coordinates. Thus, we have C; =
(0, — (0; - d;)d;, d;), which better captures spatial rela-
tionships. Here, o, and d; denote the origins and directions
of pixel-aligned rays at the ¢-th view.

Subsequently, the tokenizer partitions each input view
into non-overlapping patches and projects each patch into a
latent space of dimension dr via an MLP layer. Then we
fuse patchified tokens of different views by concatenating
them to derive the initial patch-wise tokens H € R"*95
Image Encoder. The feature tokens H are then encoded by
a Transformer-based encoder to produce input feature to-
kens: F € R"¥92 where dg is the hidden dimension of
our image encoder. The image encoder consists of N, self-
attention blocks [46], and each block comprises a multi-
head self-attention layer and an MLP layer. We add layer
normalization [3] before both layers. For the j-th self-
attention block, we first split input H, into kg heads as

H/, = [H],H},... H] |. (1)

Then for the i-th head, we project input Hz into Qz €

RrXdre K7 € R™* ke and V7 € R™*dre a5
Q =H/Wq,, Kl =H/Wy,, VI =H/W,;,
where W5, Wy, Wy, € R?# ¥ dke are learnable param-
eters of the fclayers and dg. = dg/kg. Then the output of
i-th head of the j-th self-attention layer A} is computed as

, J(KHT ‘ ,
A7 = softmax QK V] + H]. 3)
Vv dke

Then kg heads are concatenated to pass through a fc layer
to derive the output of self-attention as

H/ ., =[A], A ... A] W/, @)
where W4 € R9=%4 ig the learnable parameter. Then we
forward H? ., to the MLP layer:
Wi +b1)Ws + by + H (5)

mid’

H{)ut = U(HJ

mid
where o is the activation function, and W1, W, by, by are
learnable parameters. The output of the last layer of the
image encoder is F = H., € R"*9=_ This process is
illustrated in Fig. 2 (b)

Our X-former leverages the inherent flexibility of the
transformer architecture, which can naturally process input
tokens of different lengths. This allows our model to seam-
lessly train with different numbers of input views within a
single training session, boosting the reconstruction perfor-
mance and resulting in a unified framework capable of han-
dling diverse multi-view configurations.

3.2. X-triplane

To lift the features from 2D projection into 3D space, we de-
sign a Transformer-based decoder to map the 2D patch-wise
features F into 3D triplane tokens Z € R(3x32x32)xdp
where dp is the hidden dimension of the triplane decoder.
Z is later upsampled and reshaped into our X-triplane rep-
resentations, which encode 3D information. Then we adopt
an MLP to learn an implicit mapping from the 3D point
feature on the triplane representation to the corresponding
radiodensity.

Triplane Decoder. As shown in Fig. 2 (c), the input of
the triplane decoder includes F and a learnable triplane em-
beddings E € R(3x32x32)xdp  Oyr triplane decoder has



Dataset Body Parts # of Volumes
AbdomenAtlas v1.0 Abdomen, Chest, Pelvis 5,171
RSNA2023 Abdomen, Pelvis 4,711
AMOS Abdomen 1,851
PENGWIN Pelvis 100
TCIA Abdomen 833
MELA Chest 1,100
FLARE24 (subset) Abdomen, Chest 1,868
FUMPE Chest 35
LNDb Chest 294
RibFrac Abdomen, Chest 660
Torso-16K (Ours) Abdomen, Chest, Pelvis 16,623

Table 1. The statistics of our collected Torso-16K benchmark.
It integrates ten public datasets covering major anatomical re-
gions in different clinical applications.

Ny cross-attention blocks. Each cross-attention block com-
prises a cross-attention layer, a self-attention layer, and an
MLP layer. To guide the reconstruction of the triplane to-
kens and lift the feature into 3D space, we adopt the cross-
attention to extract 2D projection and camera information
by querying the input feature F.

Similar to self-attention, for the j-th cross-attention
block in our triplane decoder, we first split F' and input tri-
plane embeddings E/  into kp heads as

F=[F,Fs,....F;,,E, = [E{,E%,...,E{m]. (6)

Then for the i-th cross-attention head, we project F;
into query Q) € R™ %4 and project E into key KJ €
R(*32x32)xdwa and value V! € R(3X32x52) < by three
fc layers, where drq = dp/kp. Then the output of i-th
head of the j-th cross-attention layer B is computed as

QKT
e

Subsequently, kp heads are concatenated to pass through
an fc layer for the output:

B/ = softmax ( ) V! +E 7

E/,,=[B], B, ... B] ]W/, (8)
Similar to previous self-attention (SA) and MLP in Sec. 3.1
we have

EJ,, = MLP(SA(E’,

) + Emzd) + SA( mzd) (9)

Finally, the triplane decoder outputs Z = Eé\fft €
R(Bx32x32)xdp a5 j[lustrated in Fig. 2 (c). Z is further up-
sampled by a deconvolution layer and unpatchified to our
X-triplane representation T.

Axial Sagittal Coronal

Projection

Figure 3. Example CT volumes and corresponding X-ray projections in
our Torso-16K dataset.
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Triplane Implicit Neural Field. Our X-triplane T is com-
posed of three orthogonal feature planes: Txy, Tyz, and
Txz € R64X69)Xdr where 64 x 64 refers to the spatial res-
olution of each plane and dr is the dimension of the point
feature Pz € R3*97. Then we build an implicit neural
field mapping from the position and feature of a 3D point to
its radiodensity.

For a given 3D point z = (x,y,2) € [—1,1]® within
the unit bounding box (where each coordinate is normal-
ized), we obtain its feature embeddings by projecting it
onto three orthogonal plane features T, T, and T, at
Pzy = (2,9),Py: = (y,2), and py, = (z,z). We then
apply bilinear interpolation to extract features from each
plane. Take the xy-plane T, and a point p,, = (z,y)
for instance, the interpolated feature value is computed as

sz(ny) = (1 - O‘)ﬂT(mOa yl) + a(l - ﬂ)Twy(‘Tla yO)
+ (1 = a)(1 = B)Tay(z0, y0) + BTy (21, 1),
(10)
where z, z; and Yo, y1 are the neighboring points, and the
interpolation weights are o« = x — g, § = y—yo. Applying
to all three triplanes, we obtain the feature at the point x as

Pw = (T$y(p1y)7 Tyz (pyz)a Tzz (pwz)) - (1 1)

As the radiodensity is isotropic and only related to the
point property, we adopt an MLP to learn the mapping fing
from the point feature P, to the radiodensity p, as

fINF : (Tacy (pmy), Tyz (pyz)a T, (sz)) — Px- (12)
3.3. Training Objective

Existing RGB 3D reconstruction methods mainly adopt
2D rendering training loss to achieve good image recovery



Type Method Time (s)| 6-View 8-View 10-View

PSNRT SSIMt PSNR? SSIMT PSNR# SSIMT

FDK 0.008 9.51 0.039 10.68 0.047 11.46 0.058

Traditional ASD-POCS 1.385 22.17 0.573 23.40 0.612 24.62 0.667
SART 1.400 22.61 0.537 23.56 0.548 24.57 0.585

2D Feedforward FBPConvNet 0.010 26.99 0.704 27.22 0.722 28.05 0.737
FreeSeed 0.163 28.93 0.841 30.08 0.843 30.17 0.855

DIF-Net 0.445 26.10 0.627 26.81 0.663 27.47 0.708

3D Feedforward DIF-Gaussian 0.621 28.19 0.813 28.53 0.820 29.52 0.848
C?RV 3.837 29.51 0.850 29.83 0.849 30.96 0.871

X-LRM (Ours) 0.141 31.05 0.910 31.24 0.912 31.33 0.915

Table 2. Comparison with traditional and feedforward methods on 750 test cases. X-LRM is 1.5 dB better and 27 x faster than the best

baseline. Best result is in bold and second-best is underlined.

8-View 10-View

6-View

FBPConvNet FreeSeed DIF-Net

DIF-Gaussian C?RV

X-LRM (Ours) Ground Truth

Figure 4. Qualitative results of feedforward methods across multiple anatomical views on the 750-sample test set. From top to bottom:

10-view axial, 8-view coronal, and 6-view sagittal slices.

quality. However, this supervision involves volume render-
ing that needs to sample many 3D points to compute for
each ray, taking a long time and increasing memory cost.
Besides, in X-ray imaging, the 3D CT reconstruction is
more concerned than the 2D X-ray rendering. Thus, we
adopt the more precise 3D reconstruction loss with varying
numbers of input views as

1 N
Erecon = Z H UVl - Ugt ||2, (13)
" Viev

where V = {V}, Vs, ..., V,,} represents_training settings

with different input view numbers V;. Uy, refers to the
CT volume reconstructed by X-LRM given V; views, and
Uy; is the ground-truth CT volume. Such 3D supervision
enables better anatomical consistency to view sparsity.

4. Experiments
4.1. Experiment Setup

Datasets. Previous works rely on small datasets [11, 35,
40] (fewer than 1,000 samples), which limits the ability to
train generalizable models. To overcome this constraint,
we introduce Torso-16K, the largest and most diverse CT
reconstruction dataset, comprising 16,623 real-world CT
scans from ten public datasets (Sec. 3.1). It covers key
anatomical regions in clinical applications, including chest,
abdomen, and pelvis. Some examples are shown in Fig. 3.
Torso-16K is split into 15,000 / 873 / 750 for training, vali-
dation, and testing.

We standardize CT scans by resampling and cropping to
a 50% cm® volume at 128? resolution. Radiodensity val-
ues are normalized from the Hounsfield unit range [-1000,
1000] to [0,1], ensuring coverage of primary organs of in-



Type Method Timel 6-View 8-View 10-View

PSNR?T SSIM?T PSNR?T SSIM? PSNR? SSIM?T

NAF 11m 23.86 0.644 24.64 0.654 25.38 0.685

Self-Supervised R2-Gaussian 6m 20.28 0.528 20.79 0.529 22.09 0.581

SAX-NeRF 8h 24.08 0.669 24.73 0.674 25.68 0.692

Diffusion Based DDS 12m 24.42 0.529 25.64 0.570 26.64 0.607

DiffusionMBIR 11h 26.61 0.734 28.51 0.803 30.05 0.835

3D Feedforward X-LRM (Ours) 0.14s 30.14 0.888 30.10 0.886 30.28 0.889

Table 3. Comparison with self-supervised and diffusion-based methods on 10 test cases. Our X-LRM achieves 3.53 dB higher PSNR and

is 2570 faster than the best-performing baseline.

8-View 10-View

6-View

NAF R2-Gaussian SAX-NeRF

DDS DiffusionMBIR

X-LRM (Ours)

Ground Truth

Figure 5. Qualitative results of self-supervised and diffusion-based methods on the 10-sample test set. From top to bottom: 10-view axial,

8-view coronal, and 6-view sagittal slices.

terest. Since most public datasets only provide CT vol-
umes, we render multi-view X-ray projections via TIGRE
toolbox [4]. 2562 resolution projections span the full range
0° ~360° with 3.92 mm? pixel spacing. To enhance real-
ism, we add Gaussian and Poisson noise to simulate Comp-
ton scattering and adopt UCT 960+ scanner [45], with 0.6m
source-object and 1.118m source-detector distance.

Implementation Details. We implement X-LRM by Py-
Torch [38]. X-LRM is trained with the AdamW opti-
mizer [33] (1 = 0.9, B2 = 0.95). The initial learn-
ing rate is set to 4 x 10~* and follows a cosine anneal-
ing scheduler [32] with a warm-up phase of 3000 iterations.
For the network architecture, we utilize a ViT-B/16 trans-
former encoder, which processes 256 x 256 inputs to 257
feature tokens at an embedding dimension of dy = 384
with N, = 12 layers. The transformer decoder consists of
Ng = 12 layers at an output dimension of dp = 512, while
the X-triplane has a feature dimension of dr = 32. The
MLP used for radiodensity queries has four layers with a

hidden dimension of 64.

During training, our model is designed to learn from a
set of possible input view counts, V' = {6, 8, 10}. For each
epoch, the same instance is processed 3 times, each with a
different number of views selected from V. Training is con-
ducted on 8 RTX A5000 GPUs at a per-gpu batch size of 6
for 100 epochs. For evaluation, we adopt the peak signal-to-
noise ratio (PSNR) and the structural similarity index mea-
sure (SSIM) [50] as the quantitative metrics. Please note
that PSNR is measured directly in 3D space and SSIM is
computed as the average of 2D SSIM values.

4.2. Comparison with State-of-the-Art Methods

We evaluate our X-LRM model against baseline methods
under different numbers of projection views (i.e. 6, 8, 10)
using the following two different settings:

* Traditional and feedforward methods: Traditional
methods are directly tested on the 750-sample test set.
The 2D and 3D feedforward methods are first trained on



Method Recon. Left Lung Right Lung
PSNR SSIM DICE ASD| DICE ASDJ|
FDK 9.14 0.03 034 4341 026 4512
SART 21.7 0.51 2829 1344 292 28.12

ASD-POCS 2148 053 2535 1562 252 31.84
FBPConvNet 2602 0.68 93.59 0.65 93.58 0.56
FreeSeed 2777 0.83 9101 107 9056 0.82
DIF-Net 2471 055 8463 170 8478 144
DIF-Gaussian ~ 26.84 079 9216 083 91.69 0.72
C2RV 2824 0.83 9147 088 9028 0.87

X-LRM (Ours)  30.59 0.92 9521 049 9463 048

Table 4. Traditional and feedforward methods.

NAF FreeSeed DiffusionMBIR

Recon. Left Lun, Right Lun
Method € & &
PSNR SSIM DICE ASD| DICE ASD|
NAF 2191 057 4854 19.14 50.08 9.49

R2-Gaussian 1858 045 29.62 26.12 3476 12.86
SAX-NeRF  21.83 059 3934 2755 19.87 20.86
DiffusionMBIR 2531  0.72 93.10 0.74 9325 0.67
DDS 2347 053 7104 261  69.58  2.60

X-LRM (Ours) 27.63 085 9560 051 9548 0.48

Table 5. Self-supervised and diffusion methods.

C?RV X-LRM (Ours)

Ground Truth

Figure 6. Visual comparison of lung segmentation on 6-view reconstructed CT slices with the recent best self-supervised method NAF [55],
2D feedforward method FreeSeed [34], diffusion-based method DiffusionMBIR [9], and 3D feedforward method C?RV [31].

the train set and then tested on the 750-sample test set.

¢ Self-supervised and diffusion-based methods: We use
a subset of 10 samples selected from the 750-sample test
set, ensuring all 10 sub-datasets in Sec. 3.1 are covered.
We test on this small dataset due to the long inference
time of these methods.

Quantitative Results. Firstly, we compare X-LRM with
three traditional methods (FDK [17], SART [1], and
ASD-POCS [42]) and five feedforward methods (FBPCon-
vNet [24], FreeSeed [34], DIF-Net [30], DIF-Gaussian [30],
and C2RV [31]). The results are reported in Tab. 2. (i)
When reconstructing CT volumes from 6, 8, and 10 X-ray
projection views, our X-LRM surpasses the SOTA 2D feed-
forward method, FreeSeed, by 2.12, 1.16, and 1.16 dB in
PSNR. Compared to the SOTA 3D feedforward method,
C?RV, X-LRM improves the performance by 1.54, 1.41,
and 0.37 dB in PSNR, while enjoying over 27 x faster infer-
ence speed. (ii) Unlike previous feedforward methods, X-
LRM enjoys better flexibility as it can efficiently reconstruct
CT volume with different numbers of input views without
training separate models.

Secondly, we compare with three self-supervised meth-
ods (NAF [55], R?-Gaussian [56], and SAX-NeRF [7])
and two diffusion-based methods (DiffusionMBIR [9] and
DDS [10]). The quantitative results are listed in Tab. 3. Our
X-LRM achieves the best performance and fastest inference
speed. Compared with the second-best method, Diffusion-
MBIR, our X-LRM is 3.53 dB higher in PSNR. Compared
with the second-fastest method, R2-Gaussian, our method
is over 2570 x faster in inference.

Qualitative Results. The qualitative results are depicted
in Fig. 4 (compared with feedforward methods) and Fig. 5
(compared with self-supervised and diffusion-based meth-
ods). As observed from the reconstructed slices, all baseline
methods struggle with generating high-quality reconstruc-
tions, particularly in sparser-view scenarios. Both feedfor-
ward and optimization-based approaches exhibit noticeable
blurriness and lack of fine details, leading to incomplete
anatomical structures and texture inconsistencies. Struc-
tural elements, such as lung regions and organ boundaries,
appear unclear, often blending into surrounding areas due
to the loss of high-frequency details.



Method  Base Model + X-Triplane + X-former
PSNR 13.09 28.76 31.33
SSIM 0.42 0.84 0.92

Table 6. Break-down ablation towards higher performance by
adding the components of X-LRM. The ablation study is con-
ducted under the 10-view CT reconstruction setting.

Noisy parameters

PSNR SSIM(10~2)

Angles  DSO DSD
- - - 31.05 (-0.00)  91.04 (-0.00)
+0.5° ) ) 30.93 (-0.12)  90.95 (-0.09)
+1° 30.62 (-0.43)  90.71 (-0.33)
+2mm 30.85 (-0.20)  90.89 (-0.15)
+3mm 30.67 (-0.38)  90.73 (-0.31)
) +2mm  30.99 (-0.06) 90.99 (-0.05)
£3mm  30.93 (-0.12)  90.95 (-0.09)

Table 7. Ablation study of X-LRM’s robustness to noisy X-ray
scanner parameters under a 6-view CT reconstruction setting.

In contrast, our X-LRM yields visually sharper re-
constructions with well-defined textures and more coher-
ent anatomical structures. Across different view settings,
it preserves fine-grained details while maintaining spatial
smoothness. Our method consistently reconstructs realistic
features with minimal artifacts, demonstrating high-quality
performance in sparse-view CT reconstruction.

Application in Segmentation. We evaluate the recon-
structed CT volumes using medical segmentation. We em-
ploy the LungMask toolkit [20] to segment the left and right
lung from CT reconstructions produced by various methods
and compare the results against the ground-truth segmen-
tation obtained from the original CT scans. Specifically,
we evaluate lung test data from the 750-test set and 10-test
set, testing the corresponding baseline methods and report-
ing reconstruction performance (PSNR and SSIM) along-
side lung segmentation accuracy (DICE and ASD) for 6-
view reconstructed volumes. As shown in Tab. 4 and Tab. 5,
X-LRM achieves superior reconstruction quality, surpass-
ing C2RV by and DiffusionMBIR by 2.35 and 2.32 dB
in PSNR. Additionally, the higher DICE scores and lower
ASD values on both the left and right lung indicate that
the 3D segmentation on the CT volume reconstructed by
X-LRM has a larger overlap and smaller boundary discrep-
ancies with the segmentation mask on the ground-truth CT
volume. Fig. 6 shows the visual comparison with four kinds
of recent best methods. Both quantitative and qualitative re-
sults demonstrate the ability of X-LRM to preserve anatom-
ical structures more accurately and maintain precise shape
consistency, surpassing other methods in both reconstruc-
tion fidelity and segmentation alignment.

4.3. Ablation Study

Ablation studies evaluate the effectiveness of the proposed
modifications compared to the standard LRM, including X-
former and X-triplane. Additionally, we assess the robust-
ness of X-LRM under varying noisy scanning parameters,
such as viewing angles, DSD, and DSO. The breakdown
study is performed under 6,8,10-view setting, and the ro-
bustness analysis is conducted under 6-view setting.

Break-down Ablation. We adopt the Open-LRM [21] as
the base model to study the effect of each component of
X-LRM towards higher performance. The results of the 10-
view reconstruction are reported in Tab. 6. The base model
only achieves poor results of 12.33 dB in PSNR on aver-
age. After applying our X-triplane and X-former, the model
gains by 15.53 and 3.34 dB in PSNR on average. These
results validate the effectiveness of our proposed methods.

Robustness Analysis. We conduct a robustness analysis
under varying noisy scanning parameters, including view-
ing angles, source-to-origin distance (DSO), and source-
to-detector distance (DSD). The introduced noise follows a
uniform distribution, modeled as i ~ U(—e¢, +¢). With this
noise, the projection images change but the model processes
them as if captured under perfect conditions. Tab. 7 shows
that X-LRM remains robust to noises of scanning parame-
ters. Viewing angle shifts of 0.5° (PSNR -0.12 dB, SSIM
-0.0009) and £1° results (PSNR -0.43 dB, SSIM -0.0033)
have minimal impact. Noises in DSO and DSD only intro-
duce minor effects, demonstrating the reliability of X-LRM
under different real-world possible noises.

5. Conclusion

In this paper, we collect the largest dataset, Torso-16K, to
enable large-scale training for CT reconstruction. Torso-
16K is over 18x larger than the existing largest bench-
mark. We propose X-LRM, a Transformer-based feed-
forward framework consisting of X-former and X-triplane.
X-former employs a tokenizer and Transformer backbone
to flexibly encode an arbitrary number of input views,
enabling X-LRM to reconstruct CT volumes without re-
training. X-triplane decodes image tokens into a triplane
representation and learns a neural implicit function to model
3D radiodensity. Experiments show that X-LRM surpasses
the SOTA 3D feedforward method by 1.5 dB while achiev-
ing 27x faster speed, with its application in medical seg-
mentation further highlighting its practical value.
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