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Abstract

Reconstructing precise CAD modeling sequences from point
clouds remains a challenging task, especially for objects with
complex geometry and topology. In this paper, by formulat-
ing the CAD sequence reconstruction as a Markov decision
process, we introduce ReACT, a novel Reward-informed Au-
toregressive decision Cad Transformer architecture for robust
CAD sequence prediction. Beyond previous imitation-only
approaches, our key innovation is to frame the CAD Trans-
former under a reinforcement learning paradigm and thereby
integrate reward-inspired heuristic learning into our archi-
tecture. This allows ReACT to effectively leverage shape-
aware long-term reward feedback to guide the inference of
(nearly) optimal CAD commands. Specifically, conditioned
on past tokens, comprising the historical CAD states, sketch-
extrude commands (i.e., actions) and associated geometric re-
wards, ReACT autoregressively outputs the most promising
CAD commands in a causal manner. In particular, we develop
a novel scaffold-aware CAD state representation that inte-
grates global point-command features with an incrementally
constructed surface point scaffold, enabling fine-grained ge-
ometric reasoning for subsequent reconstruction prediction.
Moreover, an effective local barrel points-guided dense re-
ward function is designed to jointly evaluate surface fidelity
and command efficiency for reliable reward guidance. Exten-
sive evaluations on the DeepCAD and Fusion360 benchmarks
demonstrate that ReACT can achieve superior CAD recon-
struction quality, even for objects with complex shapes.

Introduction
Computer-Aided Design (CAD) is a fundamental pillar of
modern industrial design, and CAD models provide a digi-
tal representation of 3D products in various forms. This pa-
per considers the problem of inferring CAD modeling se-
quences from point clouds, which is challenging, particu-
larly for a model with complex topologies and geometry.
Point clouds, as raw geometric representations, are easily
obtained through 3D scanning devices or computer vision
techniques. However, they lack semantic meaning and are
not well-suited for high-level editing. In contrast, CAD mod-
eling sequences not only define the final geometric repre-
sentation of a product but also capture the underlying de-
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Figure 1: CAD models (green), their full surface point
clouds (white), and scaffolds (pink) formed by the cu-
mulative LBPs extracted after each sketch loop closure.
These scaffolds capture extrusion sidewalls and sketch con-
tours, providing progressive structural context for ReACT’s
scaffold-aware geometric attention.

sign process such as sketches, extrusions, and Boolean oper-
ations. These sequences play a fundamental role in feature-
based modeling (Xu et al. 2021), a widely adopted paradigm
in contemporary CAD systems.

Existing work has made substantial progress in gener-
ating CAD command sequences from a range of inputs:
point clouds (Dupont et al. 2024; Liu et al. 2025), text
prompts (Wang et al. 2025b; Khan et al. 2024b) and mixed
visual and linguistic cues (Ma et al. 2024; Xu et al. 2024a).
Nearly all of these methods, however, are trained purely
by imitation: they maximize the likelihood of the ground-
truth trace conditioned on the input and then decode to-
kens to form a command sequence. This objective over-
looks two signals inherently encoded in the sequence it-
self. First, the step-wise ordering records which geomet-
ric regions have already been reconstructed and which re-
main, a progressive context that is vital for guiding subse-
quent operations. Second, CAD sequence, as a language,
reflects human-interpretable structural cues that help regu-
larize long-horizon planning. When both types of evidence
are ignored, decoders struggle to allocate tokens across in-
tricate sub-structures and frequently collapse on parts with
complex topology or extended design histories.
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To overcome these limitations, we recast CAD sequence
reconstruction as a Markov Decision Process (MDP), en-
abling a shift from pure imitation learning to reward-
informed decision making. Drawing inspiration from De-
cision Transformer (Chen et al. 2021), we formulate CAD
modeling as an offline, reward-conditioned sequence mod-
eling problem. In this setting, each sketch-extrude com-
mand is treated as an action, selected to maximize a dense,
geometry-informed reward based on a scaffold-aware state.
This formulation enables three core advantages: (i) it injects
local geometric cues and progressive reconstruction context
into the prediction process, (ii) it shapes long-horizon plan-
ning via a reward signal aligned with desirable modeling
structure, and (iii) it turns the temporal credit assignment
problem into an autoregressive token prediction task, natu-
rally suited for transformer architectures.

Building on this formulation, we introduce ReACT,
a Reward-informed Autoregressive decision CAD
Transformer. To the best of our knowledge, ReACT is
the first approach to frame CAD reconstruction from point
clouds as an offline decision-making process. It autoregres-
sively generates modeling commands conditioned not only
on past actions but also on scaffold-aware geometric states
and step-wise rewards. This allows the model to plan with
structural foresight and geometric precision, enabling robust
sequence recovery even for models with intricate topolo-
gies and deep design hierarchies. Figure 1 illustrates the
scaffolds extracted throughout the reconstruction process,
which progressively capture the evolving geometry.

The main contributions of the paper are:

(1) We propose a reward-informed autoregressive decision
CAD Transformer, which formulates CAD sequence re-
construction as an offline, reward-conditioned decision-
making process and unifies geometric reasoning and au-
toregressive modeling in a single framework.

(2) We develop a scaffold-aware geometric state represen-
tation that integrates local point-wise features with the
evolving reconstruction context, enabling fine-grained
and progressive guidance for CAD command prediction.

(3) We introduce a Local Barrel Point (LBP)-guided dense
reward function that provides step-wise alignment feed-
back by combining robust surface matching, geometric
consistency, and modeling efficiency.

Extensive experiments on the DeepCAD and Fusion360
benchmarks show that ReACT consistently outperforms
state-of-the-art baselines in both sequence accuracy and ge-
ometric fidelity. Beyond faithfully recovering design intent,
ReACT exhibits the ability to generate shorter and more effi-
cient modeling sequences than the ground truth, highlighting
its capacity to generalize structural priors and optimize for
design efficiency, even outside the training distribution.

Related Work
CAD Modeling Paradigms. Learning-based CAD methods
can be grouped by the underlying representations they tar-
get: Constructive Solid Geometry (CSG), Boundary Repre-
sentation (B-Rep), or procedural command sequences.

CSG models 3D shapes by combining primitive solids
through Boolean operations, and learning-based variants
generate CAD models by synthesizing CSG trees or select-
ing primitive operations and parameters (Ren et al. 2021;
Yu et al. 2021). Domain-specific languages further express
programs over primitive sets (Sharma et al. 2018; Mo et al.
2019), but these approaches remain limited by fixed vocab-
ularies and lack the expressiveness needed for real-world
CAD geometry. In contrast, B-Rep encodes geometry as sur-
faces and edges with explicit topology, and has seen success
in both generative (Xu et al. 2024b; Li, Fu, and Chen 2025;
Wu, Xiao, and Zheng 2021) and reconstruction tasks (Zhou,
Tang, and Zhou 2023; Liu et al. 2024c; Fu et al. 2023, 2024;
Jiang et al. 2023a,b). While highly editable and compati-
ble with industrial tools, B-Rep omits procedural modeling
history, making them less suited for applications requiring
design interpretability or modification tracking.

Sequence-based modeling instead captures the full proce-
dural history of the design process. Real-world CAD work-
flows build models by sequentially applying parameterized
operations (e.g., sketch and extrude), providing interpretable
structure and explicit design intent. Recent works (Xu et al.
2023, 2022) explore this generatively: HNC represents hier-
archical sketch trees, SkexGen uses disentangled codebooks
for topology and geometry, and DeepCAD employs an au-
toencoder to generate command sequences. Beyond gener-
ation, various methods recover procedural sequences from
downstream modalities including point clouds (Khan et al.
2024a; Liu et al. 2025), voxel grids (Li et al. 2024, 2023),
rendered images (Chen et al. 2024, 2025), and multimodal
inputs (Ma et al. 2023, 2024).

Focusing on reverse-engineering command sequences
from point clouds, prior work has explored primitive-
specific strategies, such as fitting extruded cylinders (Uy
et al. 2022), identifying sketchable regions via barrel points
(Wang et al. 2025a), or extracting global sketch structures
for sequence enhancement (Khan et al. 2024a). In contrast,
we adopt a more holistic use of barrel points—not only as in-
termediate geometric proxies, but also as reward signals—to
guide the model across the entire reconstruction process.
Rather than modeling isolated sketch or extrusion steps, our
approach fuses local geometric cues with global sequence
context to support end-to-end procedural reconstruction.
RL for CAD Modeling. Reinforcement Learning (RL) has
recently been introduced into CAD modeling as a means
to learn sequential operations in a data-driven manner. For
example, RLCAD (Yin et al. 2025) formulates modeling
as a sequential decision-making problem using online RL,
training agents to learn extrude and revolve operations
in a Parasolid-based environment. Similarly, (Zhang et al.
2025) employs Deep Q-Networks to translate 2D drawings
into modeling commands. However, these methods rely on
handcrafted, simulation-based environments tailored to on-
line training, which restricts scalability and limits the use
of large-scale datasets such as DeepCAD (Wu, Xiao, and
Zheng 2021) and Fusion 360 Gallery (Willis et al. 2021).

Recent work has applied RL concepts to fine-tune large
language models (LLMs). CADCrafter (Chen et al. 2025)
uses a code checker as an implicit reward function dur-
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Figure 2: Overview of the ReACT architecture. Given a point cloud, ReACT autoregressively predicts a parametric command
sequence that reconstructs the CAD model. At each step, a scaffold-aware geometric state is formed via point-command fusion
and scaffold attention, then passed into a causal Transformer conditioned on R̂t and past trajectories. The output is decoded by
a CAD kernel into a B-Rep model. G1,G2, . . . denote accumulated scaffolds after each sketch loop closure.

ing LLM tuning. Cadrille (Kolodiazhnyi et al. 2025) adopts
GRPO (Shao et al. 2024), an online RL algorithm, for fine-
tuning via online feedback.

We take a different approach by proposing an of-
fline, reward-conditioned framework for CAD modeling. To
bridge raw point cloud inputs with structured CAD com-
mand sequences, we redefine the standard RL formula-
tion (state, action and return), and introduce a dense re-
ward shaping mechanism guided by Local Barrel Points
(LBPs), which provides step-wise supervision by scoring
each sketch-extrude decision against the ground-truth ge-
ometry. This departs from prior works that rely on sparse
or terminal rewards (Lin et al. 2020; Yin et al. 2025; Zhang
et al. 2025; Kolodiazhnyi et al. 2025; Jiang, Xie, and Yang
2021), enabling fine-grained credit assignment throughout
the modeling trajectory. Our method eliminates the need for
handcrafted simulators or online interaction, making it scal-
able to large datasets and diverse operations.

Method

Problem Statement

ReACT aims to reconstruct CAD command sequences from
3D point clouds. Given a point cloud X ∈ Rn×3 sampled
from a CAD model surface, our goal is to recover a com-
mand sequence Φ : Xn×3 → C = {C1, C2, . . . , CT } such
that executing C in a CAD kernel yields a model M that
matches the original geometry and topology. Each command
Ct = {skt, ext} is composed of a 2D sketch and an ex-
trusion operation. Sketches contain closed loops defined by
curve primitives (lines, arcs, circles), forming the semantic
and geometric basis for solid construction.

Reward-informed Decision CAD Transformer
We model CAD sequence reconstruction as a reward-
informed decision-making process and instantiate it with
an autoregressive transformer architecture, as shown in Fig-
ure 2. At each modeling step t, the model observes a struc-
tured state st ∈ S , selects an action at ∈ A from a discrete
command vocabulary, and receives a reward rt ∈ R that
scores geometric fidelity and structural efficiency. Together,
these elements define an MDP tailored for procedural CAD
reconstruction.

Our objective is to learn a policy πθ(a|s) that maxi-
mizes the expected cumulative reward Eτ∼πθ

[∑T
t=1 rt

]
,

where the trajectory τ = (s1, a1, r1, . . . , sT , aT , rT ) spans
a fixed horizon T . Following (Chen et al. 2021), we repa-
rameterize the reward using a return-to-go (RTG) signal
R̂t =

∑T
t′=t rt′ , which provides a shaped objective reflect-

ing the remaining potential reward at each step.
The model thus processes an interleaved trajectory:

τ = (R̂1, s1, a1, . . . , R̂T , sT , aT ), (1)

encoding return-to-go, scaffold-aware states, and command
tokens in a sequential fashion. A causal transformer decoder
autoregressively consumes this sequence to predict the next
action token at each step, conditioned on the full history.

Unlike conventional RL environments (e.g., Atari), our
setting must reason over unordered point sets and deeply
structured, parameter-rich command sequences. To support
this, ReACT builds a scaffold-aware geometric state pre-
sentation on the fly: each st encodes point-command fea-
tures augmented with a geometric scaffold that tracks recon-
structed extrusion sidewall patches. This hybrid signal of-
fers both fine-grained local cues and progressive global con-
text for the transformer to attend to. Each predicted sketch-
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extrude command is evaluated using a LBP-guided dense re-
ward function. This signal combines a robust Chamfer Dis-
tance term for surface alignment, a consistency bonus de-
rived from LBP geometry, and a time penalty to encourage
succinct modeling traces. Unlike sparse or terminal rewards
in prior works (Yin et al. 2025; Kolodiazhnyi et al. 2025; Liu
et al. 2024a,b, 2023), this dense feedback enables fine credit
assignment throughout the modeling trajectory.

During training, ReACT is optimized via teacher forc-
ing with precomputed rewards. The two discrete parameters
(pxt , p

y
t ) of each command are predicted independently us-

ing masked cross-entropy losses with label smoothing. The
losses are averaged across time and channels, with padded
tokens excluded via key masks. At inference time, ReACT
autoregressively predicts actions, updating the state and
return-to-go after each step until the end token is reached.
The resulting command sequence is executed in a CAD ker-
nel to generate the target B-Rep model.

Scaffold-aware Geometric State Representation
We design the state representation in ReACT to capture the
evolving structural context of the reconstructed shape and
the alignment between point-level geometry and command
tokens. Unlike prior work that only encodes static geometric
input, ReACT maintains a dynamic understanding of par-
tially generated geometry to better guide long-horizon plan-
ning. To realize this, we introduce a scaffold-aware state rep-
resentation built from LBPs, which accumulate step-by-step
to reflect the evolving reconstruction. These scaffold fea-
tures act as an intermediate geometric memory that grounds
future predictions in previously generated structure.
Scaffold Construction Given an input point cloud X =
{xi}ni=1 ⊂ R6 where each point encodes both 3D coordi-
nates and surface normals, we first extract a per-point feature
map Fpc ∈ Rn×d with a point cloud encoder. To provide Re-
ACT with evolving structural context during reconstruction,
we extract geometric cues from X on a per-loop basis and
inject them into the model via a dedicated scaffold-aware
geometric attention module to enhance structural awareness.

At timestep t, we consider the current extrude-sketch pair
Ct = (ext, skt), defined by an extrusion axis kt ∈ S2, a
plane origin ot ∈ R3, and a height ht > 0. For any point
p ∈ X , we define its projection onto the sketch plane and
displacement along the extrusion axis as: Πt(p) = p−

(
(p−

ot) · kt
)
kt, ut(p) = (p − ot) · kt, where Πt denotes the or-

thogonal projection of p onto the sketch plane, and ut(p) is
its signed height along the extrusion axis. Let ℓt denote the
sketch loop at step t. After transforming ℓt to global coor-
dinates, we express both the loop and the projected point
Πt(p) in the same 2D sketch-plane coordinate frame and
uniformly sample a dense set Lt = {qj} on the 2D contour.
The in-plane distance is then dℓt(p) = minj ∥Πt(p)− qj∥2.

Using two tolerance parameters, ϵskt (in-plane proximity)
and ϵh (height margin), we define the LBP set Bt at step t as

Bt =
{
p ∈ X

∣∣∣ − ϵh ≤ ut(p) ≤ ht + ϵh,
dℓt(p) ≤ ϵskt

}
. (2)

A point is tagged as an LBP if it lies within the extrusion

Figure 3: Illustration of LBP extraction at a single decoding
step. Points (pink) are selected as LBP if they lie within the
sketch-plane-aligned extrusion slab, defined by the height
bounds −ϵh ≤ ut(p) ≤ ht + ϵh, and if their projected dis-
tance to the sketch loop satisfies dℓt(p) ≤ ϵskt.

slab [0, ht] with an extra height margin ϵh on both sides, and
projects within ϵskt of the loop contour (Figure 3).

To represent the evolving reconstruction state, we define
the scaffolding regions as the union of all LBPs collected
up to the current timestep: Gt =

⋃t−1
i=1 Bi. This cumulative

structure captures the progressively reconstructed geometry
and acts as a conditioning signal for downstream decoding.
Scaffold-Aware Geometric Attention To inject geometric
priors from the scaffolding regions, we gather point-wise
features from Gt via the global feature map Fpc ∈ Rn×d

and introduce a scaffold attention module comprising multi-
ple cross-attention (CA) layers (Vaswani et al. 2017), where
the full feature set Fpc serves as queries, and scaffold fea-
tures F scaf

t = {fi ∈ Fpc | xi ∈ Gt} serve as keys and
values. The cross-attention operation is defined as:

At = softmax
(
ϕQ(Fpc) · ϕK(F scaf

t )⊤/
√
dk

)
,

CA(Fpc, F
scaf
t ) = At · ϕV (F scaf

t ),
(3)

where ϕQ, ϕK , and ϕV denote learnable linear projections
and dk denotes the feature dimension of each head. This
formulation enables each point to selectively attend to scaf-
fold geometry, enriching the global features with structural
awareness. The resulting attended feature is then passed
through a feed-forward network (FFN) with a residual con-
nection to produce Zscaf

t , from which we apply row-wise
max pooling to extract a global highlight token summariz-
ing the reconstructed scaffold geometry.
Point-Command Fusion To couple command tokens with
the underlying geometry, we introduce a point-command fu-
sion decoder. Each CAD command at step t is quantized to a
two-dimensional token (pxt , p

y
t ); the parameters are one-hot

encoded, embedded, and augmented with a learnable posi-
tional encoding epos(t), yielding

zt = ex(pxt ) + ey(pyt ) + epos, Z0 =
[
z1, . . . , zT

]
. (4)

A stack of Dfuse Transformer-decoder layer refines Z0.
At layer l, token features first undergo masked self-attention
Zmsa
l = MSA

(
Zl−1;Mcmd

)
+ Zl−1, where Mcmd is

the standard autoregressive mask. From a designated depth
Dca ≤ Dfuse onward, token features additionally at-
tend to the point cloud feature Fpc through CA: Z̃ca

l =
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CA
(
Zmsa
l , Fpc

)
. Earlier layers l < Dca skip CA, allow-

ing intra-sequence patterns to form before geometry is in-
troduced. Each block then passes Z̃ca

l through an FFN with
residual connections. The output from the final layer, Zfuse

t ,
encodes geometry-aware command features. To construct
the scaffold-aware geometric state used in trajectory learn-
ing, we concatenate the fusion feature Zfuse

t with the scaf-
fold token Zscaf

t , followed by a projection:

st = Linear(concat(Z fuse
t , Zscaf

t )). (5)

LBP-guided Dense Reward Shaping
To provide human-interpretable and geometry-aware inter-
mediate feedback during autoregressive reconstruction, we
design a dense reward function guided by LBPs. This reward
evaluates reconstruction quality from two perspectives: spa-
tial fidelity and time efficiency:

R = Ralign +Rlbp︸ ︷︷ ︸
spatial

+Rtime (6)

where the spatial quality assessment contains a global align-
ment score Ralign on a per-sketch basis and an Rlbp LBP
coverage reward on a per-loop basis.
Spatial Quality To assess the geometric fidelity of the par-
tially reconstructed shape Yt with respect to the target point
cloud X , we adopt the Robust Chamfer Distance (RCD)
metric proposed in (Jiang et al. 2021), which mitigates out-
lier effects due to incomplete or partial geometry. Let the
nearest-neighbor distance be d(p,Q) = minq∈Q ∥p − q||2.
We then define a soft inlier kernelψ(d; ϵ) = max(0, 1−d/ϵ)
where ϵ > 0 is an inlier tolerance. This kernel down-weights
points farther from their nearest matches, assigning zero to
those outside the tolerance band:

Ralign(Yt,X ; ϵ) =
1

|Yt|
∑

y∈Yt

ψ
(
d(y,X ); ϵ

)
+

1

|X |
∑

x∈X
ψ
(
d(x,Yt); ϵ

)
.

(7)

Compared to standard Chamfer Distance, this clipped for-
mulation provides a more stable signal for intermediate pre-
dictions by avoiding large penalties from outliers or extru-
sions still under construction.

While Ralign captures global consistency, it lacks the
ability to guide fine-grained actions such as loop placement.
We therefore introduce a complementary LBP coverage re-
ward that directly reflects how well an extrude-loop step ex-
plains nearby surface regions: Rlbp = |Bt|/|X | where Bt is
the set of local barrel points at step t, as defined in Equa-
tion 2. This term promotes actions whose projected foot-
print tightly overlaps with the target geometry. Importantly,
we compute Rlbp using only the current LBP set Bt, rather
than the cumulative scaffold region Gt, to ensure that reward
feedback reflects immediate contributions from each model-
ing step. This localized supervision encourages the policy to
carve out the correct region of interest precisely.
Time Efficiency While spatial rewards focus on geometric
fidelity, they do not regulate the efficiency of the reconstruc-
tion process. To address this, we introduce a time cost term

Rtime, which comprises a uniform step penalty and a ter-
minal bonus. The step penalty uniformly penalizes every
generated token, discouraging unnecessarily long command
traces and implicitly favoring more concise modeling pro-
grams. In contrast, the terminal bonus is issued when the de-
coder emits the special END token at an appropriate point, in-
centivizing the model to terminate reconstruction precisely
when the geometry is complete. Together, these terms en-
courage ReACT to balance completeness with brevity, guid-
ing the policy toward efficient command sequences.

Experiments
Experimental Settings
Dataset. We train and evaluate on DeepCAD (Wu, Xiao,
and Zheng 2021) and report cross-dataset results on the
Fusion360 Reconstruction benchmark (Willis et al. 2021).
Following (Khan et al. 2024a; Dupont et al. 2024), we
delete near-duplicate models detected by geometric simi-
larity and discard sequences whose generated geometry di-
verges strongly from the reference (large CD) to obtain a
clean split. For every cleaned sample, we quantize all in-
struction parameters to 8-bit integers; the command trace is
represented as an extrusion-sketch sequence.
Implementation Details. ReACT operates in a 256-
dimensional latent space. We uniformly sample 4,096 sur-
face points from each CAD model and encode them using
a modified DGCNN (Wang et al. 2019) with k = 60 neigh-
bors. The point-command fusion decoder uses 8 Transformer
layers with CA to point features from layer 2 onward, while
the Trajectory Decoder applies 4 SA layers conditioned on
RTG-state-action embeddings. Scaffold-aware geometric at-
tention module comprises 2 CA blocks. Further training set-
tings and hyperparameters are detailed in the appendix.
Evaluation Details. For quantitative evaluation, we re-
port three complementary metrics. First, geometric fidelity
is measured by the bidirectional CD: we uniformly sam-
ple 8,192 points from both the predicted and ground-truth
meshes, compute the average nearest-neighbor distance in
both directions, scale the result by 103 for readability, and
report both mean and median values. Second, to assess struc-
tural consistency of the command trace, we compute an F1
score over extrude-sketch primitives: following (Khan et al.
2024b,a), sketch loops are paired with their ground-truth
counterparts via the Hungarian matching algorithm (Kuhn
2010) while extrusion primitives are compared by occur-
rence counts. Finally, robustness is captured by the invalid-
rate (IR), defined as the percentage of predicted sequences
that cannot be converted into a valid B-Rep by PythonOCC
(Paviot 2025) kernel. Taken together, CD reflects surface ac-
curacy, F1 gauges sequence correctness, and IR penalizes
syntactically or geometrically infeasible outputs.
Baseline Methods. Because our contribution is to move
from pure imitation learning to reward-conditioned deci-
sion making, we evaluate ReACT against several representa-
tive imitation-learning baselines in both modeling regimes.
The feed-forward group contains DeepCAD (Wu, Xiao, and
Zheng 2021) and TransCAD (Dupont et al. 2024), which
map a point cloud to an entire command trace in a single,
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Methods CD (×103) ↓ IR ↓Mean Median

DeepCAD 69.51 14.44 11.95
TransCAD 36.94 6.03 5.13
Text2CAD* 9.07 0.64 4.81

ReACT (Ours) 3.92 0.38 2.68

Table 1: Quantitative comparison of reconstruction perfor-
mance on the DeepCAD dataset. ReACT achieves the low-
est CD and IR, indicating superior geometric fidelity and
successful recovery of valid command sequences.

reward-agnostic forward pass. To supply an autoregressive
yet still reward-free reference, we modify Text2CAD (Khan
et al. 2024b) to let it process point clouds as inputs, trained
solely by teacher forcing on ground-truth commands. All
methods are fine-tuned using their original implementation
details to ensure fair comparisons and robust performance.
More implementation details are included in the appendix.

Experimental Results
Quantitative Results. Tables 1 and 2 reveal that ReACT
outperforms all imitation-learning baselines on DeepCAD
across every metric. It achieves the lowest mean and median
CD, indicating superior surface fidelity, while simultane-
ously obtaining the smallest IR, demonstrating the syntactic
soundness of its generated command traces. At the primitive
level, ReACT attains the highest F1 scores for lines, arcs,
circles, and extrusions, with especially large gains on curved
sketches, which are traditionally the most challenging prim-
itives to recover. Together, these results show that condi-
tioning sequence generation on trajectory-level rewards and
scaffold-aware states yields solutions that are both geomet-
rically precise and structurally consistent with the design in-
tent in the ground-truth trace.

The same trend holds when the models are evaluated on
Fusion360 (Table 3). Following prior works (Dupont et al.
2024; Khan et al. 2024a; Ma et al. 2023), median CD and IR
are reported. ReACT maintains the lowest median CD and
IR under this distribution shift, demonstrating stronger gen-
eralization than both feed-forward and autoregressive imita-
tion baselines. Altogether, the results confirm that ReACT
is able to produce valid, high-fidelity CAD reconstructions
that remain robust beyond the training distribution.

Methods F1 Score ↑
Line Arc Circle Extrusion

DeepCAD 66.30 12.65 60.07 86.31
TransCAD 78.25 27.94 61.54 90.85
Text2CAD* 76.50 30.36 64.52 90.99

ReACT (Ours) 79.14 42.00 70.53 91.37

Table 2: F1 scores for primitive-specific accuracy on Deep-
CAD. ReACT consistently outperforms all baselines across
lines, arcs, circles, and extrusions, demonstrating strong ge-
ometric reasoning and structural awareness.

Methods Median CD (×103) ↓ IR ↓
DeepCAD 92.03 28.75
TransCAD 42.34 5.68
Text2CAD* 1.79 5.90

ReACT (Ours) 0.66 2.08

Table 3: Generalization results on the Fusion360 dataset. Re-
ACT significantly outperforms prior methods in median CD
and IR, highlighting its strong cross-dataset robustness.

Qualitative Results. We next examine the qualitative per-
formance of our proposed framework. Figure 4 visualizes re-
construction results on the DeepCAD dataset. Across a vari-
ety of shapes, from the concatenation of extrusion cylinders
to parts with thin walls, holes, and nested features, ReACT
reproduces both the global silhouette and the local geome-
try more faithfully than other baselines. DeepCAD, in con-
trast, often emits invalid command traces, indicated by the
invalid labels; even when a solid is produced, small features
and curved surfaces are lost. TransCAD likewise struggles
with completeness, frequently omitting entire sub-features
or returning blocky shapes that diverge from the reference.
Text2CAD* performs better than feed-forward models but
still discards delicate details, yielding coarse approxima-
tions of the ground truth. Figure 5 reports the comparison on
Fusion360, where all models are evaluated without retrain-
ing. Despite the domain shift in part style and surface finish,
ReACT again delivers reconstructions that closely match
the ground truth, while the baselines degenerate into invalid
sketches or overly simplified solids. These visual observa-
tions reinforce the quantitative advantages reported earlier
and highlight ReACT’s ability to maintain both structural
soundness and geometric fidelity beyond its training distri-
bution. Additional examples are provided in the appendix.

Figure 4: Qualitative results on the DeepCAD dataset. Re-
ACT recovers complete and detailed geometry, whereas
baselines often yield coarse or invalid results.

Ablation Study. We perform ablation experiments to eval-
uate the contributions of key components in ReACT. Ta-
ble 4 reports the results across sketch and extrusion pre-
diction accuracy (F1 Score), geometric fidelity (CD), and
syntactic validity (IR). We first examine the role of deci-
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Figure 5: Cross-dataset comparison on Fusion360 dataset.
ReACT maintains high-fidelity reconstructions and valid
command sequences while imitation-learning baselines fre-
quently produce invalid or incomplete models.

Model Variants F1 Score ↑ CD (×103) ↓ IR ↓Skt. Ext. Mean Median

w/o RTG cond. 60.19 82.17 9.967 0.896 5.51

w/o Ralign 71.77 89.19 8.123 0.576 4.66
w/o Rlbp 67.49 82.96 9.512 0.743 5.09
w/o Rtime 69.95 87.16 8.251 0.583 4.14

w/o Scaf. Enc. 73.98 90.98 6.110 0.397 2.96

ReACT (Ours) 75.76 91.37 3.929 0.385 2.68

Table 4: Ablation study: Removing reward conditioning,
reward terms, or structural encoding leads to performance
degradation, validating their respective contributions.

sion formulation by removing the RTG conditioning. This
effectively reduces ReACT to a pure imitation learner with-
out reward guidance. As shown in the first row of Table 4,
this variant suffers the largest performance drop across all
metrics, confirming the importance of reward conditioning
in enabling temporally structured planning and dynamic tra-
jectory shaping. We next evaluate the impact of ReACT’s
dense reward design by ablating its individual components.
Removing Ralign term leads to noticeably higher CD and
IR, reflecting reduced global alignment and weaker gradient
signals for shaping overall geometry. Excluding Rlbp causes
the sharpest drop in sketch and extrusion F1, highlighting the
importance of fine-grained supervision along local surface
boundaries for accurate primitive recovery. When Rtime is
removed, the model still maintains moderate geometric fi-
delity but shows increased invalidity and lower sketch ac-
curacy, suggesting that temporal constraints play a regular-
izing role by discouraging redundant command sequences.
Finally, we assess the role of structural conditioning by
disabling the scaffold-aware encoding module, which pro-
vides geometric context from intermediate reconstructions.
The absence of this module results in consistent degradation
across all metrics, confirming its effectiveness in enriching
the decoder’s representation with spatially grounded cues.

Figure 6: Comparison between ground-truth (gold) and
ReACT-generated (purple) sequences. ReACT produces
shorter, yet structurally faithful modeling sequences.

Sequence Efficiency. Beyond accurately replicating the
ground-truth sequences, ReACT is able to discover more
efficient command sequences than those seen during train-
ing. Figure 6 visualizes two examples where ReACT pro-
duces valid and structurally faithful models using fewer to-
kens than the corresponding ground-truth sequences. These
improvements often emerge in cases involving nested or re-
dundant sketches, where the model learns to consolidate op-
erations while preserving the intended geometry. This be-
havior reflects ReACT’s ability to generalize structural pri-
ors and, guided by the dense reward function, actively favor
more concise and efficient modeling programs. Additional
examples are provided in the appendix.

Discussions
We have presented ReACT, a reward-informed Decision
CAD Transformer that integrates scaffold-aware geomet-
ric reasoning with LBP-guided dense reward supervision
for robust CAD sequence prediction from point clouds. By
framing the task as an offline decision-making problem,
ReACT goes beyond imitation learning and demonstrates
strong generalization to diverse and challenging shapes.

Despite its performance, ReACT remains constrained by
the size and structural diversity of available CAD datasets.
For highly intricate or unstructured models, especially those
involving irregular sketches or multi-part assemblies, the
model may fail to produce valid or complete sequences. We
include representative failure cases and qualitative analy-
ses in the appendix. Future work will explore scaling Re-
ACT to larger and more diverse modeling corpora, incor-
porating richer operation vocabularies, and improving its
capacity for advanced geometric reasoning. These exten-
sions would enhance its real-world applicability and support
broader reverse-engineering tasks across design domains.
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3D Point Clouds. IEEE Transactions on Circuits and Sys-
tems for Video Technology.
Fu, R.; Wen, C.; Li, Q.; Xiao, X.; and Alliez, P. 2023. BP-
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