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Abstract. Point clouds are one of the most fundamental and widely
used 3D representations, serving as the most basic geometric represen-
tation of 3D shapes. Nevertheless, most existing 3D printing pipelines
require a watertight mesh as input, preventing the direct use of point
clouds for fabrication. A common workaround is to reconstruct meshes
from point clouds; however, the resulting meshes often contain geomet-
ric artifacts, such as incorrect faces or topological inconsistencies, that
are difficult to repair and may lead to printing failures. To overcome
these limitations, we propose PrintAnything, a novel framework that
learns to produce executable 3D printing G-code directly from 3D point
clouds without requiring mesh reconstruction. To enable point clouds
to serve as direct input for slice-wise toolpath generation, we introduce
a slice-wise point projection strategy that transforms unstructured 3D
point clouds into slice-aligned 2D representations consistent with layer-
by-layer nature of fused deposition modeling in 3D printing. To eliminate
mesh dependency and provide a unified representation that bridges point
clouds and G-code, we propose Geometric plan (G-plan) map, a com-
pact 2D representation composed of occupancy, region, and flow maps
that encode the geometric and extrusion properties required for toolpath
synthesis in 3D printing. As a result, our proposed method accurately
generates printable G-code directly from point clouds, enabling a prac-
tical and fully mesh-free pipeline for 3D printing. The code is publicly
available at https://github.com/Sangminhong/PrintAnything.
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1 Introduction

Point clouds serve as a fundamental representation of 3D geometry and fre-
quently appear as the native output of modern sensors and cameras. They are
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(a) Challenge #1: Point Clouds not supported as input (b) Challenge #2: Erroneous Mesh Reconstruction leads to failure

(c) Overview of PrintAnything

Fig. 1: Motivated by Two Challenges: (a) No Point Cloud support for 3D Printing
Slicers (b) Point Cloud to Mesh reconstruction is limited and error-prone. We present
(c) PrintAnything converts point clouds into a G-plan Map and compiles slice-wise
G-code for printing.

naturally produced by LiDAR sensors [10], RGB-D cameras [9], and increasingly
by 3D generative models [6,12,15,20,30,37,39,42,55]. At the same time, 3D print-
ing has emerged as a widely adopted technology for fabricating 3D geometry due
to its accessibility and effectiveness for rapid prototyping and customized man-
ufacturing. However, the integration of point cloud and 3D printing remains
limited in practice. Consequently, enabling the direct fabrication of point clouds
through 3D printing presents an important yet underexplored problem.

There are two major issues that prevent point clouds from being directly
used for 3D printing. First, point clouds cannot be directly taken as input by ex-
isting 3D printing pipelines. In typical fabrication workflows, a digital 3D model
is converted into slice-wise toolpaths using slicing software [36], and these tool-
paths are executed through G-code instructions that specify nozzle motion and
material extrusion. These pipelines assume a watertight mesh as the input rep-
resentation, making point clouds incompatible with standard slicing tools even
though they are often the most readily available 3D signal in many acquisition
pipelines. Second, converting point clouds into meshes can introduce errors that
lead to printing failures. A common practice is to reconstruct meshes from point
clouds [3, 8, 14, 24, 34] before slicing, but reconstructing surfaces from sparse or
noisy point clouds is inherently ill-posed and frequently produces artifacts such
as incorrect faces, holes, or topological inconsistencies. These defects are difficult
to repair and can propagate into the slicing stage, resulting in invalid toolpaths
or unstable extrusion during fabrication. The problem is particularly severe for
unoriented point clouds that consist only of raw point coordinates without nor-
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mals as shown in Figure 1. Consequently, the dependence on mesh both prevents
unoriented point clouds from serving as direct inputs and introduces potential
failure propagation in the 3D printing pipeline for point clouds.

To overcome these challenges, we propose PrintAnything, a framework that
learns to generate executable 3D printing G-code directly from point clouds
without requiring mesh reconstruction. To enable point clouds to be used as in-
put for 3D printing pipelines, we introduce a slice-wise point projection strategy
that converts an unstructured point cloud into slice-aligned 2D inputs encoding
local geometric context around each slice height. These slice-aligned represen-
tations allow the model to reason about the geometry of each printing layer
while preserving information from the original 3D point cloud. Furthermore, to
eliminate failures caused by erroneous mesh reconstruction, we introduce the
Geometric plan (G-plan) map, a compact slice-wise representation composed of
an occupancy map, a region map, and a �ow map. The occupancy map speci�es
which spatial locations correspond to printed material, the region map encodes
structural categories required for toolpath synthesis (e.g., wall or in�ll), and the
�ow map represents extrusion-related properties for material deposition as illus-
trated in Figure 1. Based on this representation, PrintAnything predicts G-plan
maps for each slice from the input point cloud, generates appropriate in�ll pat-
terns within the predicted in�ll regions, and �nally converts the resulting maps
into ordered toolpaths to produce executable G-code. Through this pipeline,
PrintAnything enables a fully mesh-free approach that directly transforms point
clouds into printable instructions for 3D fabrication.

In summary, our key contributions are as follows:

� We introduce PrintAnything, a framework that generates executable 3D
printing G-code directly from point clouds, enabling a practical and fully
mesh-free fabrication pipeline.

� To align point-cloud geometry with slice-wise printing, we propose a slice-
wise point projection strategy that converts unstructured 3D points into
slice-aligned 2D representations suitable for toolpath-related learning.

� To bridge point clouds and G-code with a uni�ed representation, we propose
the Geometric plan (G-plan) map, a compact slice-wise representation com-
posed of occupancy, region, and �ow maps that encode both geometric and
extrusion properties required for toolpath synthesis.

� As a result, our method accurately generates printable G-code directly from
point clouds without mesh reconstruction, demonstrating a robust mesh-free
pipeline for 3D printing.

2 Related works

3D Printing. Recent advances in 3D printing have improved speed, accu-
racy, structural coherence, and robustness across diverse geometries [7, 17, 21,
31, 45, 56]. Prior work has explored printable connectors [17], large-scale model
datasets [56], collision-aware wireframe printing [45], sti�ness optimization for
cable-driven systems [7], mobile 3D printing with sub-mm accuracy [21], and
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Fig. 2: The framework of PrintAnything. From input point cloud and slice indices,
we encode them and pass to GPNet that predicts M, R, Q. The M, R, Q along with
in�ll pattern dictionary are given to in�ll pattern generator to generate in�lled M, R,
Q. Lastly, we feed the in�lled M, R, Q to layer-wise G-code generator to get predicted
G-code which is directly converted to 3D print output.

extrusion-based fabrication for sensor manufacturing [31]. More recent stud-
ies have investigated multi-axis and learning-based slicing, including curved
slice generation [53], representation-agnostic neural slicing [23], paired CAD�
G-code datasets [13], reinforcement learning-based toolpath planning [11, 29],
and image-to-G-code generation [44]. We use Slice-100K [13] as our main ex-
perimental dataset. Unlike existing methods, PrintAnything generates printable
G-code directly from point clouds, enabling users with 3D-scanned data to obtain
fabrication-ready toolpaths.

AI for Manufacturing. AI has been widely adopted in manufacturing to au-
tomate repetitive processes and exploit task-speci�c data. Representative direc-
tions include shape design [5, 16, 49, 50], assembly [1, 2, 26, 32, 40, 43], human
monitoring and skill transfer [19, 27], visual inspection [22, 48, 51], and factory
simulation [52]. Recent studies further address deployment tradeo�s in manufac-
turing models [47], lithography simulation and mask optimization [54], vision-
based automated sewing [18], reinforcement learning for robotic task sequenc-
ing [27], representation learning for assembly state recognition [40], simulation-
compatible assembly asset generation [43], industrial anomaly generation [41],
and LLM adaptation for manufacturing inspection [22].

3 Method

Figure 2 illustrates the overall pipeline of PrintAnything, which consists of three
stages: geometric plan map prediction, in�ll pattern generation, and slice-wise
G-code generation. Prior to training, we construct ground-truth (GT) G-plan
maps from the GT G-code and 3D model, which are then used to supervise the
training of PrintAnything.
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Fig. 3: GT G-plan map generation. We generate geometric plan (G-plan) map
from a pair of G-code and 3D model.

3.1 GT Geometric plan (G-plan) map generation

Given a pair consisting of a 3D mesh M and its corresponding sliced G-code G,
we construct three geometric plan (G-plan) maps: an occupancy map M, a re-
gion map R, and a �ow map Q. The sliced G-code G encodes the toolpath
coordinates of the 3D printer together with printing attributes, including struc-
tural categories (e.g., gap, wall, infill, support, skirt) and the extrusion
length along each path segment for a given slice. For each slice, we �rst build
the region map R by rasterizing the structural categories speci�ed in G. Based
on R, we then construct the occupancy map M, which represents the union
of all printed regions. Finally, we compute the �ow map Q by assigning nor-
malized extrusion-length values to the corresponding coordinates. All maps are
resized to a �xed resolution of 256 � 256 for compatibility with image-based
encoder-decoder frameworks (e.g., U-Net [38]).

3.2 Geometric plan map prediction

Given an input point cloud P 2 R N�3 , our model predicts G-plan maps de�ned
in Section 3.1. For each slice indexed by Zslice 2 f0; 1; : : : ; Ng, we estimate
an occupancy map M0

pred , region map R0
pred , and �ow map Q 0

pred . We denote
the normalized slice height as ~Zslice = Z slice

N 2 [0; 1]. We �rst encode the input
point cloud using a point-cloud encoder Eglobal (i.e., Point Transformer V3 [46]),
producing a global feature: zg = Eglobal (P) 2 R D . For each slice, we construct
a slice-aligned 2D input by projecting the point cloud onto the printer XY grid
at height ~Zslice . Points satisfying jz � ~Zslice j � �z=2 are selected, together with
adjacent bins above and below to provide local context which we call Multi-
Slice Conditioning (MSC). We rasterize these points into an H � W grid and
compute, for each bin, an occupancy mask, a density map, and a height-o�set
map. Concatenating these channels yields a tensor: HZ slice 2 RC�H�W . The
normalized slice height is embedded using an MLP: zzs = Ezslice ( ~Zslice ). Based
on global feature zg and embedded slice height zzs , we build slice conditioning
vector as hZ slice = [ z g; zzs ]: Then, we use a U-Net [38] architecture that consists
of an encoder and decoder (GPNet). The encoder processes the slice input as:
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X zslice = EGPNet (H zslice ). The conditioning vector h Z slice is injected into the
bottleneck using FiLM [35]:

X 0
zslice

= X zslice � (1 + 
(h zslice )) + �(h zslice ): (1)

In the end, the decoder produces feature maps: Yzslice = D GPNet (X 0
zslice

). Lastly,
the �nal G-plan map are predicted using 1 � 1 convolution heads:

M 0
pred ; R0

pred ; Q0
pred = H M (Y zslice ); H R (Y zslice ); H Q (Y zslice ): (2)

All maps are predicted at resolution 256 � 256.

3.3 In�ll pattern generation

Our goal is to choose an in�ll pattern p and scale s that balance part strength
and printing cost. Rather than learning in�ll geometry from scratch, we leverage
a small library of hand-designed templates (e.g., grid, cubic, honeycomb, gyroid)
and train a lightweight recommender using automatically generated supervision.
We construct a bootstrap dataset by repeatedly sampling a training shape and
randomly selecting a template pattern p and a continuous scale parameter s.
For each sampled pair (p; s), we warp the corresponding template to the target
layer resolution using periodic wrapping so the pattern tiles seamlessly, and
insert it only inside the in�ll-designated regions of the predicted region map
R, while keeping structural regions (perimeter/support/skirt) unchanged. This
produces a synthesized G-plan map Mpred , Rpred , and Qpred for the chosen
(p; s). We then compute two inexpensive proxy objectives from the synthesized
maps: a strength proxy S and a cost proxy C. The strength proxy increases
with (i) the in�ll ratio within occupied regions, (ii) in�ll connectivity measured
by the largest connected-component fraction, and (iii) directional balance; the
cost proxy increases with material usage and in�ll boundary transitions, which
serve as a simple proxy for path complexity and printing overhead. Repeating
this procedure yields many labeled examples of the form

(�(M 0
pred ; R0

pred ; Q0
pred ); p; s) �! (S; C); (3)

where �(M 0
pred ; R0

pred ; Q0
pred ) denotes simple features computed from the pre-

dicted G-plan maps.
Using this dataset, we �t a small surrogate recommender with two regressors

that predict Ŝ(p; s) and Ĉ(p; s) from the candidate choice. At inference time, we
enumerate a discrete candidate set f(pi ; si )g, predict ( Ŝi ; Ĉi ) for each candidate,
and retain non-dominated solutions that form the Pareto frontier (higher pre-
dicted strength with lower predicted cost). We select the �nal policy from this
frontier and generate the �nal in�ll by warping and inserting the corresponding
template into the predicted G-plan maps.
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3.4 Slice-wise G-code generation

Given the in�lled G-plan maps M pred , Rpred , and Qpred , we generate G-code
by converting each slice into ordered toolpaths on the printer XY plane. Each
slice provides the pixel-to-millimeter scale px_mm, the slice height, and the raster
origin in physical coordinates. Before conversion, we center the slice by placing
the raster origin at the center of the print bed. For a pixel location u = (u x ; uy ),
the physical coordinate at the pixel center is:

(x; y) =
�
(ux + 0:5) px_mm + x0; (uy + 0:5) px_mm + y0

�
; (4)

where (x0; y0) is the centered origin o�set in millimeters. We generate perimeter
and in�ll toolpaths from the occupancy mask M pred , where the region map
Rpred determines the structural type of each area (e.g., wall, in�ll), and compute
extrusion for each segment from its physical length, printing parameters, and
a �ow value sampled from Qpred . For example, with px_mm = 0:5 mm, slice
height 0.20 mm, line width 0:45 mm, centered origin (100; 100) mm, �lament
diameter 1:75 mm, and Qpred = 1:0, three boundary pixels (20; 40) ! (60; 40) !
(60; 80) (labeled as wall in Rpred ) map to (110.25; 120.25), (130:25; 120:25),
and (130:25; 140:25) mm, computed by (20+0:5)�0:5 + 100 = 110:25 mm and
(40+0:5)�0:5 + 100 = 120:25 mm for (20; 40). Each segment has length 20 mm,
yielding a deposited volume of 0:45 �0:20 �20 = 1:8 mm 3, which corresponds to
an extrusion length of 1:8 �

�
�(1:75=2) 2

�
� 0.75 mm. Accumulating extrusion

along consecutive segments produces G-code such as:

Example G-code

; Perimeter (wall )
G1 X110 .25 Y120 .25 Z0 .20 E0 .75
G1 X130 .25 Y120 .25 Z0 .20 E1 .50
G1 X130 .25 Y140 .25 Z0 .20 E1 .05

which move the nozzle along connected segments while depositing material. Pro-
cessing all slices in increasing height order produces the �nal slice-wise G-code,
where Mpred determines printed regions, Rpred speci�es structural roles, and
Qpred controls spatially varying extrusion.

3.5 Final outputs and loss functions

During training, the model predicts G-plan maps M 0
pred , R0

pred , and Q0
pred for

each slice indexed by Zslice , which are supervised using the ground-truth maps
M, R, and Q described in Section 3.1. We optimize a multi-task objective that
combines losses for occupancy, region classi�cation, and �ow estimation. The
occupancy loss encourages accurate prediction of printed versus empty regions.
We use binary cross-entropy (BCE) together with a Dice [28] loss:

L M = BCE(M 0
pred ; M) + DICE(M 0

pred ; M): (5)
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The region loss supervises the structural labels using weighted cross-entropy:

L R = WCE(R 0
pred ; R); (6)

where WCE denotes weighted cross-entropy. The �ow loss measures the error of
the predicted extrusion �ow only in printed regions. We use a masked Huber [4]
loss:

L Q = Huber
�
Q0

pred ; Q; M
�

; (7)

where the mask M restricts the loss to printed regions. The �nal training objec-
tive is the weighted sum of the three losses, where �M , � R , and � Q are scalar
weights that balance the contribution of each term:

L = � M L M + � R L R + � Q L Q : (8)

4 Implementation details

We implement PrintAnything in PyTorch [33] and train with AdamW [25] using
mixed precision. We sample N=30;000 surface points per shape and normalize
them to [�1; 1]. All G-plan maps are rasterized and predicted at a �xed resolution
of 256�256 per slice. Following Section 3, we encode the input point cloud with
a global point-cloud encoder Eglobal (Point Transformer V3 [46]), producing a
global feature zg. For each slice, we build a slice-aligned 2D input by projecting
points near the target height including adjacent bins above and below for local
context onto the printer XY grid. We embed the normalized slice height ~z 2 [0; 1]
with an MLP and concatenate it with z g to form the slice conditioning vector.
We use a U-Net [38] backbone for GPNet to process the slice input, inject the
conditioning at the bottleneck via FiLM [35], and predict occupancy, region, and
�ow maps using separate 1�1 convolution heads. We train for 50 epochs with
learning rate 2�10 �4 and weight decay 10�4 . All experiments are conducted
on a single NVIDIA Quadro RTX 8000 GPU. For all generated G-code, we use
PrusaSlicer [36] to simulate the printing process and visualize the 3D prints.

5 Experiments

5.1 Datasets

We conduct our experiments on Slice-100K [13], a large-scale dataset for learning
printing-oriented 3D representations. Each sample contains a 3D shape together
with manufacturing supervision, including its CAD model (STL) and the cor-
responding ground-truth G-code produced by a standard slicing pipeline. We
randomly partition the shapes into training and test sets with a 9:1 ratio and
report mean performance on the held-out test set.

As input, we represent each shape as a surface point cloud: we uniformly
sample 30k points and normalize coordinates to the range [�1; 1]. For supervi-
sion and model outputs, we construct layer-wise G-plan maps by rasterizing the
ground-truth G-code into occupancy, region, and �ow maps at the target slice
resolution, which are used to train and evaluate our model.
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5.2 Evaluation Metrics

In all experiments, we report the average performance over the test set of Slice-
100K [13] dataset. For evaluating 3D geometry, our main evaluation metric is
Chamfer Distance (CD) and F1-score (F13D ). Let P denote points sampled from
the predicted shape and G denote points sampled from the ground-truth (GT)
mesh. We evaluate with Chamfer Distance (CD) de�ned as :

CD(P; G) =
1

jPj

X

p2P

min
g2G

kp � gk 2 +
1

jGj

X

g2G

min
p2P

kg � pk 2: (9)

We also report F1 score for 3D points after setting a distance threshold � = 1 mm:

F13D =
2PR

P + R
; (10)

where P and R denote precision and recall computed between P and G. To
evaluate slice-wise structural accuracy, we rasterize slices from the GT G-code
and compute a binary occupancy F1 score per each rasterized slices:

F12D =
2 P2D R2D

P2D + R 2D
; (11)

where P2D and R2D denote precision and recall of predicted slice occupancy. The
�nal score is obtained by averaging across slices and samples. For the ablation
studies on G-plan map design, we further evaluate extrusion-�ow properties de-
rived from the generated G-code. We consider only extruding moves (�Ek > 0)
with non-zero XY motion. For each move, we de�ne the planar travel length
�s k = k(x k ; yk ) � (x k�1 ; yk�1 )k2 and the extrusion density � k = �E k

�s k +� . We
measure extrusion smoothness using:

��-smooth =
1

N � 1

NX

k=2

j� k � � k�1 j ; (12)

which captures local variation of extrusion density along toolpaths. We also
evaluate per-slice extrusion consistency by computing the coe�cient of variation
of extrusion density within each slice:

CVz =
std(� (z) )

jmean(� (z) )j + �
; �-CV =

1
Z 0

Z 0
X

z=1

CVz ; (13)

where � (z) denotes the extrusion densities of moves within slices z, and Z0 is the
number of slices containing at least one extruding move. Lower values indicate
smoother and more consistent extrusion behavior.

5.3 Comparison with state-of-the-art methods

As noted in section 1, a natural and widely adopted baseline for printing from
point observations is to �rst convert the input into a mesh and then rely on a
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Fig. 4: Qualitative Results on Slice-100K [13] dataset.

mature slicer to produce G-code. Following this principle, we compare against
strong mesh-conversion pipelines built on classical Poisson surface reconstruc-
tion [14] and recent learning-based methods, DWG [24] and MeshAnything [3].
For each baseline, we reconstruct a mesh from the input point cloud and feed
the resulting mesh into PrusaSlicer [36] to generate the �nal toolpath, yielding
a standard �point cloud ! mesh ! slicer ! G-code� work�ow.

Table 1 summarizes the results on Slice-100K [13]. Our method achieves the
best performance across all metrics, reaching 0:047 CD, 0:7414 F13D , and 0:677
F12D . In comparison, mesh-based pipelines tend to accumulate errors across
stages: small geometric artifacts introduced during reconstruction can be ampli-
�ed after slicing, which is re�ected most clearly in the lower slice-level scores.

Table 1: Quantitative comparison of various point-to-G-code prediction
techniques on Slice-100K [13] dataset.

Representation Method CD # F1 3D " F1 2D "

Mesh
Poisson [14] 0.088 0.682 0.587
DWG [24] 0.062 0.712 0.496
MeshAnything [3] 0.157 0.480 0.356

G-plan map PrintAnything (Ours) 0.047 0.741 0.677
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