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Figure 1: Bridging 2D and 3D in industrial design. Visualizing the complexity of the Drawings-to-
CAD generation task. The examples illustrate the strict geometric precision required to translate 2D
orthographic projections into procedurally valid 3D CAD models.

Abstract

Computer-Aided Design (CAD) generative modeling is indispensable for mod-
ern industrial manufacturing, where 2D orthographic engineering drawings tra-
ditionally serve as the foundational specifications for precision design. While
recent deep learning advancements have accelerated 3D asset generation, exist-
ing Drawings-to-CAD frameworks fundamentally formulate this translation as a
numerical regression problem. By relying on synthesizing geometric parameters
from scratch, these methods struggle to capture strict topological constraints, fre-
quently producing invalid geometries and structural artifacts when handling dense
components. To overcome these limitations, we present ForgeCAD, a novel frame-
work that reformulates Drawings-to-CAD generation as a symbolic routing task.
Specifically, we introduce a pointer-centric symbolic representation that extracts all
geometric properties from the engineering drawings and instantiates them exactly
once into a unified geometric table. Under this formulation, we demonstrate that
standard Large Language Models (LLMs) can inherently function as powerful
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pointer networks without specialized network engineering. By decoupling CAD
generation to optimize for logical symbol retrieval, our model synthesizes CAD
models by purely referencing and composing existing pointers from the shared
dictionary. Extensive experiments show that ForgeCAD achieves state-of-the-art
performance, delivering superior geometric fidelity, structural correctness, and
seamless alignment with original design intents.

1 Introduction

Computer-Aided Design (CAD) modeling is the backbone of modern industrial manufacturing [66,
39]. Unlike general 3D asset generation [23, 57, 36, 17, 71, 54, 38, 37], engineering design demands
rigorous geometric precision and strict topological constraints. In standard industrial workflows,
orthographic engineering drawings serve as the definitive starting point [4, 9, 46], conveying exact
dimensional specifications and spatial relationships. This practice naturally motivates a critical but
highly complex task [52, 15]: automating the translation of 2D orthographic engineering drawings
into procedural 3D parametric CAD models.

Early mathematical frameworks and geometric reasoning approaches established important theoretical
foundations for this 2D-to-3D translation [11, 22, 32, 51, 10], though they were typically restricted
to simple geometries. Subsequent rule-based and learning-based methods advanced the field by
recognizing geometric features during the modeling process [4, 13]. Nevertheless, due to their
reliance on rasterized images, these methods inherently suffer from a loss of geometric precision
and fidelity. To address these issues, recent work has pushed the boundary by utilizing orthographic
engineering drawings in Scalable Vector Graphics (SVG) format as the input modality for CAD
generation [41].

Despite their strong empirical performance, none of these existing methods formulate the translation
from orthographic drawings to 3D CAD models as a symbolic routing task. Instead, existing
Drawings-to-CAD frameworks fundamentally treat the translation process as a numerical regression
problem [41]. Driven by complex, task-specialized architectures, these approaches attempt to
synthesize geometric parameters and spatial coordinates entirely from scratch. These approaches
fail to enforce natural, rigorous topological and geometric consistency between the 2D engineering
drawings and the generated 3D CAD models. When handling complex industrial designs characterized
by dense and overlapping primitives, existing numerical approaches frequently suffer from severe
spatial hallucinations, conflated vertices, and open boundary representations.

To overcome this fundamental limitation, we present ForgeCAD, a novel framework that reformulates
2D-to-3D CAD generation from a regression problem into a symbolic routing task. Instead of
predicting raw numerical values, we introduce a pointer-centric symbolic representation. We extract
all geometric parameters, including spatial coordinates, lengths, and radii, from the vector drawings
and instantiate them exactly once into a unified reference table. Consequently, the model generates
the 3D CAD program by simply selecting, reordering, and composing existing geometric pointers
from this shared dictionary.

ForgeCAD bypasses brittle, hand-crafted architectural modifications. We demonstrate that standard
Large Language Models (LLMs) can inherently function as powerful pointer networks under our rep-
resentation. By decoupling the generation objective to explicitly optimize for logical symbol retrieval,
ForgeCAD leverages the capacity of general-purpose sequence modeling, naturally resolving the
spatial ambiguities that plague prior methods.

Overall, our contributions are:

• We reformulate Drawings-to-CAD generation as a symbolic routing task. By introducing a
novel pointer-centric representation, we unify geometric parameters into a shared reference
table, effectively mitigating spatial hallucinations and geometric ambiguities.

• We propose ForgeCAD, a framework that fine-tunes LLMs to function as pointer networks
without requiring specialized architectural modifications, effectively leveraging the capacity
of scalable sequence modeling for rigorous topological and geometric consistency.
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• Extensive experiments demonstrate that ForgeCAD achieves state-of-the-art performance.
Our method exhibits remarkable robustness, high-fidelity, and precise alignment with the
definitive design intents of orthographic engineering drawings.

2 Related Work

2.1 CAD Generation and Reconstruction

Driven by deep learning, CAD modeling has seen significant progress, advancing from the introduc-
tion of foundational datasets [55, 20, 53] to recent generative and reconstructive pipelines [29, 59, 27,
24, 28, 56, 3, 55, 60, 25, 31, 18, 42, 5, 30, 48, 3, 63, 19]. Current methods predominantly focus on
reverse engineering, reconstructing CAD models from point clouds [55, 60, 25, 31, 18, 42] or single-
and multi-view images [5, 30]. Concurrently, forward design approaches driven by text [48, 3, 63, 19]
or multimodal inputs [58, 33] have also pioneered new generation capabilities. However, these
paradigms often struggle to capture the strict geometric precision required in standard industrial
workflows. In practice, orthographic engineering drawings serve as the definitive starting point for
CAD design, naturally motivating the task of translating 2D engineering drawings into 3D CAD
models.

Early mathematical frameworks and geometric reasoning approaches established important theoretical
foundations for this 2D-to-3D translation, though they were typically restricted to simple geome-
tries [11, 22, 32, 51, 10]. Subsequent rule-based [4, 13] and learning-based methods [40, 52, 65]
advanced the field by recognizing geometric features during the modeling process. Nevertheless,
due to their reliance on rasterized images, these methods inherently suffer from a loss of geometric
precision and fidelity.

To address these issues, recent work has pushed the boundary by utilizing orthographic engineering
drawings in SVG format as the input modality for CAD generation [41]. Despite their strong empirical
performance, none of these existing methods formulate the translation from orthographic drawings to
3D CAD models as a symbolic routing task. By treating generation as numerical prediction rather
than discrete symbolic routing, previous approaches fail to enforce natural, rigorous topological and
geometric consistency between the 2D engineering drawings and the generated 3D CAD models.

2.2 Large Language Models (LLMs)

Compared to traditional deep learning architectures, Large Language Models (LLMs) have demon-
strated an exceptional capacity for instruction tuning and in-context learning [45, 2, 62, 6, 47].
This has unlocked notable versatility across diverse domains [26, 68, 43, 67, 26, 16], driving state-
of-the-art performance in complex reasoning tasks such as code generation [12, 7] and question
answering [44, 21]. More recently, both LLMs and Vision-Language Models (VLMs) have been
adapted for CAD generation [58, 3, 64, 49, 50, 70, 69]. These approaches typically rely on cap-
tioning 3D models or fine-tuning language models to generate CAD command sequences and code
from human descriptions. However, natural language is inherently ambiguous; consequently, these
text-driven methods frequently fail to enforce the rigorous topological and geometric consistency
demanded by real-world design intents. ForgeCAD fundamentally departs from this paradigm. By
abandoning imprecise linguistic descriptions in favor of orthographic engineering drawings as the
primary input modality, our approach largely bypasses spatial heuristics. This promotes high-fidelity
geometric generation while naturally aligning with established industrial design workflows, which
universally rely on precision orthographic projections as their definitive starting point.

3 Methodology

In this section, we present ForgeCAD, our proposed framework for translating 2D orthographic
drawings into procedural 3D CAD models. We fundamentally reframe the CAD reconstruction
pipeline as a fully discrete symbolic routing task. By abandoning numerical regression, we allow the
model to focus purely on structural topology and procedural logic. The remainder of this section is
structured as follows: Sec. 3.1 formally introduces our pointer-centric symbolic representation, which
extracts and unifies all geometric parameters into a shared reference table. Following this, Sec. 3.2
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Figure 2: Overview of the pointer-centric symbolic representation. We bridge the gap between
orthographic SVGs and CAD sequences by mapping both into a shared table composed by geometric
primitives (points, lengths, and radii). ( ) represents the minimal typed structural vocabulary.

details how autoregressive LLMs inherently function as pointer networks to execute this symbolic
routing.

3.1 Pointer-Centric Symbolic Representation

We formalize each data instance as a tuple ((G,S),M), where the input is explicitly decoupled
into a geometric reference table G and an orthographic SVG sequence S, whileM represents the
corresponding CAD command sequence. Our formulation is governed by a core design principle:
continuous geometric parameters (e.g., spatial coordinates, radii) are instantiated exactly once in
G and subsequently accessed via discrete references. Consequently, the input reference table G
constructs a unified dictionary of unique geometric values, and both the input SVG sequence S
and the target programM are synthesized by pointing to these indices rather than autoregressively
generating raw numerical values.

As illustrated in Fig. 2, to facilitate seamless alignment, we map both the input orthographic SVGs
S and the output CAD sequencesM into a unified command vocabulary of geometric primitives
(e.g., Line, Circle, and Arc). Such a shared representation space enforces a rigorous topological
correspondence between 2D sketches and 3D construction logic. By bypassing intricate, hand-crafted
geometric optimizations, this formulation leverages a scalable sequence-to-sequence modeling
paradigm, aligning with the principles of general-purpose learning systems.

Unified Geometric Table. Let V = {Top,Front, Side} denote the set of orthographic views. We
define a shared geometric table G consisting of reusable pointers: view specific point pointers P =
{Ti}i≥1∪{Fi}i≥1∪{Si}i≥1, length scalarsN = {Ni}i≥1, and radius scalarsR = {Ri}i≥1. Beyond
pointers, the language incorporates a minimal typed structural vocabulary. This includes geometric
primitives E = {L,C,A} (denoting Line, Circle, and Arc, respectively), program structure tokens
C = {Sketch,Profile,Loop,Extrude}, and Boolean operations O = {NewBody, Join,Cut}. To
preserve a fully discrete representation space, any necessary continuous quantities not captured by
the pointer inventory (e.g., sketch plane offsets) are uniformly quantized into discrete tokens. This
ensures the symbolic grammar remains closed without reverting to continuous numerical regression.
We note that while verbose operation names are utilized throughout this paper for expository clarity,
they are systematically abbreviated during actual training to minimize context length. Comprehensive
details regarding this simplification protocol are provided in the Appendix B.
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Figure 3: Overview of the ForgeCAD framework. (a) Training Phase: Both 2D engineering
drawings and 3D target CAD models are parsed into a shared specific pointer notation. The LLM
is then fine-tuned to autoregressively predict the target CAD sequence, utilizing its inherent self-
attention as a pointer mechanism to retrieve discrete geometric tokens. (b) Inference Phase: At
each decoding step t, valid candidate tokens are strictly constrained by programmatic grammar rules.
This deterministic state machine applies dynamic logit masking to the vocabulary space, ensuring
the generated sequence incrementally resolves into a topologically valid CAD program. Here, ( ? )
denotes the target token at step t, and ( ) indicates an invalid candidate eliminated by the logit mask.

Homogeneous Pointer Alignment. Under this vocabulary, the joint input context (G,S) acts
as a serialized topological graph: G first defines the shared symbol inventory, followed by view-
conditioned statements in S that bind these symbols to geometric primitives. To eliminate planar
ambiguity, input arcs are explicitly parameterized with a midpoint pm alongside their endpoints, center,
and radius, denoted as (p1, pm, p2, pc, r) ∈ P4 ×R. The outputM is a procedural CAD program
formulated within the same geometric domain. Unlike the input, output arcs are parameterized using
an orientation token d ∈ {CW,CCW} instead of a midpoint, i.e., (d, p1, p2, pc, r) ∈ D × P3 ×R.
This procedural formulation is sufficient for deterministic 3D reconstruction while being more natural
for program generation. Furthermore, extrusion commands seamlessly dictate 3D topology by
combining high-level Boolean operations o ∈ O with signed distances derived directly from the
scalar pointers N .

Decoupling Geometry from Execution. This representation deliberately embeds the inductive bias
of pointer networks into the token space. The model is not burdened with synthesizing exact geometric
quantities de novo. Instead, it acts as a symbolic router: after reading a compact, typed inventory G, it
generates the CAD programM largely by selecting, reordering, and composing existing contextual
symbols. By decoupling symbol declaration from structural execution, we significantly reduce the
output entropy and bypass brittle spatial heuristics, allowing the model to learn robust cross-view
geometric consistencies purely through scalable sequence modeling. Comprehensive details regarding
the token representation, empirical analysis of this routing behavior, and concrete sequence examples
are provided in Appendices B, E, and D.
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3.2 Generative Pointer Routing via Sequence Modeling

Having reformulated CAD construction as a symbolic routing task, we now detail the modeling
framework, summarized in Fig. 3. A key tenet of our approach is to eschew custom-designed
architectural modifications (e.g., explicit copy mechanisms or specialized graph neural networks)
in favor of the scalable, general-purpose sequence modeling capabilities of standard autoregressive
LLMs.

Pointer Mechanism via LLMs. We hypothesize that the standard attention mechanism within
Transformer architectures inherently functions as a powerful pointer network when conditioned on
our proposed representation. As illustrated in Fig. 3(a), given the joint input context (G,S) and the
previously generated sequenceM<t, the model predicts the next tokenMt. When the targetMt is
a geometric pointer (e.g., Ti ∈ P or Ni ∈ N ), the self-attention heads naturally learn to assign high
attention scores to the corresponding symbol declarations within the context window. This allows
the model to "point to" exact geometric identities from the reference table G without requiring a
specialized attention routing module. By framing the problem purely within the discrete token space,
we leverage the LLM’s pre-trained capacity for long-context dependency tracking to ensure accurate
symbol retrieval and maintain strict procedural consistency throughout the CAD construction process.

Training Objective. We formulate the 3D CAD sequence generation as an autoregressive language
modeling task over a heterogeneous vocabulary space. Let Vcmd denote the fixed procedural vocabu-
lary (e.g., topological commands and Boolean operations), and Vptr(G) represent the dynamic pointer
vocabulary conditionally instantiated by the geometric table G. The joint output vocabulary is thus
defined as Ω = Vcmd ∪ Vptr(G).
To explicitly model the dual nature of this symbolic routing process, we decompose the standard
Next-Token Prediction (NTP) objective. Given the joint input context and the generated history up
to step t, denoted as Z<t = (G,S,M<t), the model parameters θ are optimized to minimize the
following decoupled negative log-likelihood:

L(θ) = −
|M|∑
t=1

1{Mt∈Vcmd} logPθ(Mt | Z<t)︸ ︷︷ ︸
Procedural Structure Generation

+1{Mt∈Vptr(G)} logPθ(Mt | Z<t)︸ ︷︷ ︸
Symbolic Pointer Routing

 , (1)

where 1{·} denotes the indicator function. By mathematically offloading the continuous geometric
parameters into the static inventory Vptr(G), the second term explicitly optimizes the pointer mecha-
nism. This forces the LLMs to accurately route to exact geometric identities, rather than penalizing
infinitesimal deviations in coordinate regression. Consequently, this discrete, bipartite objective not
only stabilizes the training dynamics and optimizes logical selection, but also effectively mitigates
the spatial hallucinations inherently prevalent in numerical regression tasks.

Inference and Decoding. During inference, as depicted in Fig. 3(b), ForgeCAD autoregressively
synthesizes the CAD programM token by token. To guarantee the syntactic validity of the generated
procedural sequences, we strictly constrain the decoding process by injecting programmatic grammar
rules directly into the inference pipeline. Specifically, at each decoding step t, a deterministic state
machine evaluates the preceding sequence M<t to yield a dynamically restricted candidate set
Ωt ⊆ Ω. The token selection under greedy decoding is formally defined as:

Mt = argmax
v∈Ωt

Pθ(v | Z<t), (2)

where Z<t = (G,S,M<t) represents the joint context. In practice, this constrained decoding is
implemented via dynamic logit masking prior to the softmax operation:

z̃t(v) =

{
zt(v), if v ∈ Ωt

−∞, otherwise
, (3)

where zt(v) denotes the raw pre-softmax logit emitted by the LLM for token v, and z̃t(v) is the
masked logit. Tokens assigned a logit of −∞ correspond to the masked candidates ( ) illustrated in
Fig. 3(b). By deterministically nullifying grammatically invalid transitions (e.g., restricting the token
following a Center command strictly to a point pointer from P), this constraint ensures that every
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generated pointer sequence resolves into a fully compilable CAD program. A comprehensive list
of the programmatic grammar rules applied during this decoding phase is detailed in Appendix C.
Consequently, this guarantees a robust and deterministic 3D reconstruction driven purely by the
referenced geometric table G.

4 Experiments

4.1 Experimental Setup

Datasets. To maintain consistency with prior research [41], we evaluate our proposed model,
ForgeCAD, on DeepCAD [55], a large-scale dataset of 3D sketch and extrude CAD construction
sequences. The dataset comprises 178,238 sequences, which are randomly partitioned into training,
validation, and test splits following a standard ratio of 90%, 5%, and 5%. Adhering to established
preprocessing protocols [61, 60, 25, 31], we first filter out duplicate and topologically invalid
sequences to ensure high data quality. Subsequently, we process the raw data to extract the unified
geometric table G and serialize the orthographic SVGs S alongside the target CAD sequences
M. This transforms the dataset into the homogeneous, pointer-centric symbolic format detailed in
Sec. 3.1.

Implementation Details. We instantiate ForgeCAD using LLaMA-3-7B [35] as the base LLM,
chosen for its strong sequence modeling capabilities and competitive performance among open-source
foundation models. To ensure parameter-efficient fine-tuning, we employ LoRA [14] with a rank
of r = 8 and α = 32. For the hardware setup, models with parameters up to 3B are trained on a
cluster of eight NVIDIA RTX 4090 GPUs, while larger models are trained on eight NVIDIA L40
GPUs. We employ the AdamW optimizer [34] with a batch size of 16. We apply a cosine annealing
learning rate schedule initialized at 5× 10−4 and train the model for 15 epochs. During inference, we
employ greedy decoding coupled with the dynamic logit masking strategy (i.e., grammar-constrained
decoding) described in Sec. 3.2 to guarantee the syntactic validity of the generated procedural
sequences.

Metrics. Our approach frames the translation of 2D engineering drawings into 3D CAD command
sequences as a purely symbolic generation task; accordingly, we adopt a hierarchical evaluation
protocol from prior CAD reconstruction literature [18, 41] to assess both procedural accuracy and
geometric fidelity. To measure structural correctness, we compute the F1 score for the predicted
extrusion operations and geometric primitive types, evaluating their exact occurrences within the
command sequence. At the geometric level, the generated command sequencesM are compiled
via OpenCASCADE [1] into 3D boundary representations (B-Reps), which are then quantitatively
compared against the ground-truth models using mean and median Chamfer Distances (CD) [8].
Finally, despite strict grammatical constraints, autoregressive token generation does not inherently
guarantee geometric manifold closure. Consequently, we report the Invalidity Ratio (IR), which
represents the percentage of predicted sequences that fail to successfully compile into valid 3D solid
models.

4.2 Performance Comparison with Existing Methods

Baselines. We evaluate ForgeCAD against two primary baselines: Drawing2CAD [41], the cur-
rent state-of-the-art method for CAD generation from vector drawings, and an adapted version of
DeepCAD [55]. We utilize the official implementations for both methods to ensure a fair evaluation.
Following the adaptation protocol established in prior literature [41], we modify the original Deep-
CAD architecture by substituting its standard CAD command input with an SVG command sequence,
leaving all other configurations entirely unchanged.

Quantitative Results. In our quantitative evaluation, we compare our approach against two baseline
methods, DeepCAD [55] and Drawing2CAD [41]. As demonstrated in Table 1, our proposed model,
ForgeCAD, consistently outperforms both baselines across all evaluated metrics. This performance
gap largely stems from the inability of the baseline models to explicitly establish a topological
correspondence with the input engineering drawings. Instead of functioning as a symbolic router that
efficiently queries a shared geometric meomory, these baselines are forced to synthesize the complete
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Figure 4: Qualitative comparison of 3D CAD generation from 2D engineering drawings on the
DeepCAD dataset.

command sequence and precise numerical values entirely from scratch. Notably, the improvement in
the F1 score is relatively modest compared to the gains in MeanCD and MedianCD. We attribute this
to the inherent non-uniqueness of CAD command sequences, as sequence-level evaluations may not
fully reflect the improvements captured by direct 3D geometric measurements Overall, these results
highlight the clear advantage of ForgeCAD in ensuring procedural validity, generation quality, and
strict geometric fidelity to the engineering drawings.

Table 1: Performance comparison on the DeepCAD test set. MeanCD and MedianCD are multipled
by 102. Best performances are in bold.

Model F1 Score ↑ IR ↓ MeanCD ↓ MedianCD ↓
Line Arc Circle Extrude

DeepCAD [55] 73.16 80.53 81.20 71.37 24.10% 4.05 0.94
Drawing2CAD [41] 79.37 82.11 82.83 75.15 20.48% 3.77 0.86
ForgeCAD (ours) 88.79 89.39 93.00 84.61 7.82 % 2.57 0.47

Qualitative Results. In our qualitative analysis, as illustrated in Fig. 4, ForgeCAD generates
CAD models that capture the precise geometric specifications detailed in the engineering drawings,
demonstrating clear improvements over the baseline models. Notably, as model complexity increases,
DeepCAD [55] and Drawing2CAD [41] frequently produce invalid geometries, open boundary
representations, and inaccurate spatial features including misaligned holes and incorrect topological
positions. Conversely, our approach maintains highly stable generation capabilities even when
tackling intricate designs. This robustness is directly attributable to our pointer formulation. In
complex engineering drawings characterized by dense and closely spaced geometric entities, baseline
models often conflate adjacent lines and vertices, causing severe spatial confusion. By explicitly
anchoring each geometric primitive to a unique index in the shared geometric memory G, ForgeCAD
distinctly resolves these visually entangled features and faithfully preserves subtle structural details.

4.3 Ablation Studies
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Table 2: Ablation study on different LLMs and fine-tuning strategies. Transformer-4M is a lightweight
Transformer-based [47] baseline. ’w/o Pre-trained’ and ’w/ Pre-trained’ denote training from scratch
and initializing with pre-trained weights. Bold and underline denote the best and second-best results,
respectively.

Model IR↓ MeanCD↓ MedianCD↓
Transformer-4M (w/o Pre-trained, Full) 11.13 % 3.41 0.82
LLaMA3.2-3B (w/ Pre-trained, LoRA) 9.87 % 2.99 0.52
LLaMA3-8B (w/ Pre-trained, LoRA) 7.82 % 2.57 0.47

Table 3: Effectiveness analysis of the Pointer Mechanism. ’w/o Pointer’ denotes directly generating
the numeric CAD command sequence based on the input engineering drawings. Bold and underline
denote the best and second-best results, respectively.

IR ↓ MeanCD ↓ MedianCD ↓
LLaMA3.2-3B (w/ Pointer) 9.87% 2.99 0.52
LLaMA3.2-3B (w/o Pointer) 15.56% 3.43 0.71
LLaMA3-8B (w/ Pointer) 7.82% 2.57 0.47
LLaMA3-8B (w/o Pointer) 10.19% 3.04 0.61

Ablation of LLM Configurations. As shown in Table 2, the poor performance of the Transformer-
4M model suggests that pre-trained weights are indispensable for this task. Beyond the necessity of
pre-training, the results exhibit a clear positive correlation between model scale and routing capability;
notably, scaling the backbone from 3B to 8B parameters yields consistent improvements across all
metrics, culminating in the lowest Invalidity Ratio (7.82%).

Effectiveness of the Pointer-Centric Symbolic Representation. As shown in Table 3, without
the pointer mechanism, the model exhibits substantially degraded metrics across all evaluations,
underscoring the vital necessity of our proposed representation. In essence, the Pointer Mechanism
helps the model to focus on the generation of structural topology and procedural logic, rather than
struggling with numerical regression. By delegating the exact coordinate values to the unified
geometric memory G, we effectively mitigate the numerical hallucination commonly observed in
standard language models, evidenced by the significant drop in both Chamfer Distances and Invalidity
Ratio.

Table 4: Effectiveness of Deterministic State
Machine Decoding (DSM). Base LLMs are
LLaMA3.2-3B. Bold denote the best results.

IR ↓ MeanCD ↓ MedianCD ↓
w/ DSM 9.87% 2.99 0.52
w/o DSM 10.31% 3.12 0.59

Effectiveness of Deterministic State Machine
Decoding. The ablation of the Deterministic
State Machine Decoding (DSM), as detailed in
Table 4, leads to the decline in performance met-
rics (IR, MeanCD, and MedianCD), confirming
the necessity of structurally constrained genera-
tion. It is worth noting that the base LLM under
unconstrained vanilla decoding still rarely de-
viates from valid topologies, largely owing to
the strong capacity provided by our shared geo-
metric memory. Nevertheless, autoregressive generation without explicit constraints is inherently
vulnerable to edge-case hallucinations. DSM eliminates this uncertainty by enforcing strict syntactic
rules at each decoding step. By providing both standard greedy decoding and DSM, ForgeCAD intro-
duces a flexible precision-efficiency trade-off: users can opt for a 3× faster inference speed for rapid
iterations, or activate DSM to ensure guaranteed topological correctness for rigorous engineering
applications.

5 Conclusion

In this paper, we present ForgeCAD, a novel framework that reformulates 2D-to-3D CAD generation
as a symbolic routing task. By decoupling geometric parameters into a unified reference table,
our pointer-centric representation enables standard autoregressive LLMs to inherently function as
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highly accurate pointer networks. Extensive qualitative and quantitative evaluations demonstrate that
ForgeCAD improves generation quality, validity, and fidelity to the engineering drawings. Ultimately,
this work highlights the profound potential of scalable, data-driven approaches for precise topological
and geometric alignment.
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Appendix
Due to space limitations in the main paper, we provide additional results and discussions in this
appendix, organized as follows:

• Sec. A Details on Data Processing Pipeline
• Sec. B Details on Sequence Simplification Protocol
• Sec. C Details on Deterministic State Machine Decoding
• Sec. D Examples of Constructed Drawings and Command Sequences
• Sec. E Analysis of the Symbolic Routing Mechanism
• Sec. F Equivariance under Symbolic Renaming
• Sec. G Additional Qualitative Results
• Sec. H Failure Cases, Limitations and Future Work

A Details on Data Processing Pipeline

For each CAD model, the input representation is produced by a kernel-level orthographic projection
pipeline that closely matches the rendering workflow of modern CAD systems. As illustrated in
Algorithm. 1, the model is first normalized into a canonical 3D coordinate frame, after which top,
front, and side views are generated through hidden-line-removal rendering directly on the geometric
kernel. Primitive entities extracted from these projections are organized into a geometric reference
table G and an orthographic SVG sequence S, while the corresponding construction program is
serialized as the target CAD command sequenceM. Hence, each data instance is formulated as
((G,S),M), with an input representation that is intrinsically aligned with modern OpenCascade [1]
projection pipelines.

B Details on Sequence Simplification Protocol

This section elaborates on the representation of engineering drawings and CAD command sequences.
As summarized in Tables 5 and 6, we define structural representation for both domains, presenting
each token in both a verbose and a compressed format. The verbose format provides an explicit,
human-readable structure that facilitates the inspection of underlying geometric and CAD semantics.
In contrast, the compressed format strips redundant keywords and abbreviates repeated markers to
optimize sequence modeling efficiency. During training, the LLM operates exclusively on the com-
pressed sequences for both input and prediction. Notably, by adopting this compressed formulation,
we effectively reduce the training context length from 10K to 3K tokens.

C Details on Deterministic State Machine Decoding

During inference, we apply a finite-state constrained decoding procedure to ensure that the generated
CAD command sequence satisfies the grammar in Table 6. At each decoding step, we append the
decoded string of each candidate tokenizer token to the current output prefix and test whether the
resulting string remains a valid grammar prefix. Candidate tokens that violate any rule are assigned a
logit of −∞ before greedy decoding.

1. Sequence initialization. Each sequence must start with a sketch declaration:
S <sid> <V> B <cq> D <sgn>,

where V ∈ {T, F, S}, cq ∈ [0, 63], and sgn ∈ {−1, 1}.
2. Sketch indexing. Sketch identifiers are globally monotonic. If m sketches have been

completed, the next sketch must use <sid> = m+ 1.
3. Profile declaration. A profile is declared as

P <k>.
Profile identifiers are also globally monotonic over the entire sequence, rather than being
reset within each sketch.
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Table 5: Engineering Drawings token representations. The table is divided into two sections: the
top section defines the symbols for the unified geometry table, while the bottom section outlines the
primitives for the engineering drawing table. The Geom (verbose) and G (compressed) prefixes denote
that the followed tokens are used to represent an SVG primitive.

Type Verbose Arguments Compressed Arguments Range Description

Point Point <pid> <xq>
<yq>

P <pid> <xq> <yq> pid ∈ {Ti, Fi, Si} Shared quantized point
symbol.

Length Length <lid> <lq> N <lid> <lq> lq ∈ [0, 63] Shared quantized length
symbol.

Radius Radius <rid> <rq> R <rid> <rq> rq ∈ [0, 63] Shared quantized radius
symbol.

Line Geom <View> Line
<p1> <p2> <lid>

G <V> L <p1> <p2>
<lid>

V ∈ {T, F, S} Pointer-based line primi-
tive.

Circle Geom <View> Circle
Center <pc> Radius
<rid>

G <V> C <pc> <rid> rid = Ri Pointer-based circle
primitive.

Arc Geom <V> Arc <p1>
<pm> <p2> C <pc> R
<rid>

G <V> A <p1> <p2>
C <pc> R <rid>+

p, pc ∈ {Pi} Pointer-based arc primi-
tive.

Table 6: CAD command sequence token representation.

Type Verbose Arguments Compressed Arguments Range Description

Sketch Sketch <sid> View
<V> Offset <cq> S
<sgn>

S <sid> <V> B <cq>
D <sgn>

sgn ∈ ±1 Sketch-plane declaration.

Profile Profile <k> P <k> k ≥ 1 Profile declaration.

Loop Loop CCW / CW L + / - +/− Loop orientation.

Line Line <p1> <p2>
Length <lid>

E <p1> <p2> <lid> p1, p2 ∈ {Pi} Pointer-based line primi-
tive.

Circle Circle Center <pc>
Radius <rid>

O <pc> <rid> rid = Ri Pointer-based circle prim-
itive.

Arc Arc <dir> <p1> <p2>
C <pc> R <rid>

A <d> <p1> <p2> C
<pc> R <rid>

d ∈ {+,−} Pointer-based arc primi-
tive.

Extrude Extrude <Op> Dist
<dref> Prof <p1>
<p2>

X <op> <dref> P
<p1> <p2>

op ∈ {N,C, J} Extrusion command.

Range note. All quantized values use 6-bit bins, i.e., integers in [0, 63]. Coordinate bins map to normalized coordinates in
[−1, 1], while length, radius, and distance bins map to normalized values in [0, 2]. The distance token < dref > may be a
shared symbol (Ni), a signed shared symbol (−Ni), or a quantized fallback value (Bin b or −Bin b).

4. Profile ownership. Each profile is associated with the most recently declared sketch. All
subsequent loop and primitive commands are assigned to the current profile until a new
profile or sketch is opened.

5. Loop declaration. A loop can only be declared after a valid profile:

L + or L -.

In the current dataset, valid generated loops use the counter-clockwise token +; therefore,
our decoder permits + by default.
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Algorithm 1: Construction of training instances from a CAD model.
Data: CAD model B and its construction sequenceM
Result: Data instance ((G,S),M)

1 (c, s)← normalize_3D(B) ; // Compute canonical 3D center and scale
2 foreach v ∈ {Top,Front, Side} do
3 Hv ← HLR_project(B, v) ; // Kernel-level orthographic projection with hidden-line

removal
4 Pv ← extract_primitives(Hv) ; // Extract visible geometric primitives: lines, circles, and

arcs
5 Pv ← normalize_to_view(Pv, c, s) ; // Map projected geometry into the normalized 2D

coordinate frame
6 Pv ← merge_and_deduplicate(Pv) ; // Remove repeated or overlapping primitives
7 end
8 G ← build_reference_table(PTop,PFront,PSide) ; // Build shared geometric table, e.g., points,

lengths, and radii
9 S ← serialize_views(G, {Pv}) ; // Convert the three orthographic views into the SVG

sequence
10 M← serialize_cad_sequence(M,G) ; // Convert the CAD construction history into the target

command sequence
11 return ((G,S),M)

6. Primitive commands. Geometric primitives can only be generated inside an active loop.
The valid primitive forms are:

E <p1> <p2> <lid>,
O <pc> <rid>,
A <d> <p1> <p2> C <pc> R <rid>,

where d ∈ {+, -}.
7. Point pointer validity. Each point reference <p1>, <p2>, or <pc> must be a valid point

symbol from the input point table. When the current sketch view is known, the decoder
further restricts point candidates to the corresponding view prefix. For example, in a
front-view sketch, only F-prefixed point symbols are allowed.

8. Length pointer validity. The line length token <lid> in
E <p1> <p2> <lid>

must be a valid shared length symbol Ni from the input length table.
9. Radius pointer validity. The circle and arc radius token <rid> must be a valid shared

radius symbol Ri from the input radius table.
10. Command transition constraints. The finite-state decoder enforces the following high-

level transitions:
S→ P,
P→ L,
L→ E | O | A,
E/O/A→ E | O | A | L | P | S | X,
X→ X | EOS.

Thus, extrusion commands cannot appear before a valid sketch–profile–loop structure has
been generated.

11. Extrusion command. An extrusion command must have the form
X <op> <dref> P <p1> <p2> ...,

where op ∈ {N, C, J} denotes new-body, cut, and join operations, respectively.
12. Extrusion distance validity. The distance reference <dref> must be one of the following:

Ni, −Ni, Bin b, −Bin b,

where Ni is a shared length symbol and b ∈ [0, 63] is a quantized 6-bit bin.
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13. Profile reference validity in extrusion. Each profile index referenced after the P marker in
an extrusion command must correspond to a previously declared profile. Repeated profile
references are allowed, since they occur in the training data.

14. Extrusion-phase constraint. Once the decoder enters the extrusion phase, it cannot return
to sketch, profile, loop, or primitive generation. It may only generate additional extrusion
commands or terminate.

15. Termination rule. The end-of-sequence token is permitted only after at least one complete
extrusion command has been generated. The decoder does not allow termination from an
incomplete command prefix.

16. Line-boundary constraint. A newline token is valid only after a complete command line.
For example,

S\n
is invalid because the sketch declaration is incomplete, whereas

S 1 F B 52 D -1\n

is valid. The decoder also disallows leading whitespace at the beginning of a new command
line.

17. Tokenizer-level masking. Constraints are applied at the tokenizer-token level rather than at
the symbolic CAD-token level. For each tokenizer candidate z, the decoder checks whether

y1:t ⊕ decode(z)

is still a valid CAD prefix, where y1:t is the current decoded output prefix and ⊕ denotes
string concatenation. This handles tokenizer tokens that contain spaces, newlines, or multiple
CAD symbols. All invalid candidates are masked by setting their logits to −∞.

D Examples of Constructed Drawings and Command Sequences

To better illustrate the implementation details of unified geometry table and pointer-centric symbolic
representation in main paper, we present some examples of constructed engineering drawings and
cad command sequence, as shown in Fig. A1.

E Analysis of the Symbolic Routing Mechanism

To further examine whether the model learns a symbolic routing behavior, we analyze the next-token
distribution at pointer-valued CAD slots (i.e., tokens whereMt ∈ Vptr(G)) under teacher forcing.
For each target sequence, we feed the ground-truth causal historyM<t to the model and compute the
entropy, top-1 probability, and target-token probability of the next-token distribution. A lower entropy
and a higher top-1 probability indicate that the model assigns a more concentrated distribution to
the next symbolic reference, which is expected if the model performs pointer-like selection over the
input symbol table G.

Table 7 reports the aggregate statistics on test samples. The pointer-routing formulation produces
highly concentrated distributions at symbolic reference positions. In particular, length and radius
pointers exhibit very low entropy and high top-1 probabilities, suggesting that the model can con-
fidently route CAD commands to reusable symbolic entities rather than regressing raw geometric
values. Point pointers are relatively more challenging because they involve larger candidate sets and
possible ordering ambiguity in sketch loops, but they still maintain a high top-1 probability.

Fig. A2 provides a qualitative example of this behavior. In the shown CAD object, two circle
entities are highlighted, and the corresponding radius/center selection steps are visualized with the
model’s top-1 prediction and probability distribution over alternative candidate tokens. The correct
circle-related pointer receives the dominant probability mass, while other candidate tokens receive
substantially lower probabilities. This example illustrates the slot-conditioned nature of the learned
routing process: when the output command requires a circle reference, the model concentrates its
distribution on the appropriate symbolic token from the input structure.

Together, the quantitative results in Table 7 and the case study in FIg. A2 indicate that the LLM
does not merely perform unconstrained next-token generation. Instead, at CAD reference slots, its
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Example 1
Instruction: 
Generate the CAD sequence based on the input SVG sequence.##Input:\nP F1 2 29\nP F2 61 29\nP F3 2 34\nP F4 61 34\nP S1 22 29\nP S2 41 
29\nP S3 22 34\nP S4 41 34\nP T1 2 22\nP T2 61 22\nP T3 2 41\nP T4 61 41\nN N1 4\nN N2 19\nN N3 60\nG T L T1 T2 N3\nG T L T1 T3 
N2\nG T L T2 T4 N2\nG T L T3 T4 N3\nG F L F1 F2 N3\nG F L F1 F3 N1\nG F L F2 F4 N1\nG F L F3 F4 N3\nG S L S1 S2 N2\nG S L S1 S3 
N1\nG S L S2 S4 N1\nG S L S3 S4 N2\n##Output:\n
Answer:
S 1 T B 29 D 1\nP 1\nL +\nE T1 T2 N3\nE T2 T4 N2\nE T3 T4 N3\nE T1 T3 N2\nX N N1 P 1

Example 2
Instruction: 
Generate the CAD sequence based on the input SVG sequence.##Input:\nP F1 9 30\nP F2 17 30\nP F3 46 30\nP F4 54 30\nP F5 9 33\nP F6 17 
33\nP F7 46 33\nP F8 54 33\nP S1 10 30\nP S2 37 30\nP S3 53 30\nP S4 10 33\nP S5 37 33\nP S6 53 33\nP T1 17 10\nP T2 46 10\nP T3 24 
21\nP T4 39 21\nP T5 20 34\nP T6 43 34\nP T7 9 37\nP T8 54 37\nP T9 32 42\nP T10 32 53\nN N1 2\nN N2 14\nN N3 28\nN N4 43\nN N5 
46\nG T L T1 T2 N3\nG T L T2 T8 N3\nG T L T3 T4 N2\nG T L T4 T6 N2\nG T L T5 T3 N2\nG T L T5 T9 N2\nG T L T7 T1 N3\nG T L T7 
T10 N3\nG T L T9 T6 N2\nG T L T10 T8 N3\nG F L F1 F4 N5\nG F L F1 F5 N1\nG F L F2 F6 N1\nG F L F3 F7 N1\nG F L F4 F8 N1\nG F L 
F5 F8 N5\nG S L S1 S3 N4\nG S L S1 S4 N1\nG S L S2 S5 N1\nG S L S3 S6 N1\nG S L S4 S6 N4\n##Output:\n
Answer:
S 1 T B 30 D 1\nP 1\nL +\nE T3 T4 N2\nE T4 T6 N2\nE T6 T9 N2\nE T9 T5 N2\nE T3 T5 N2\nL +\nE T10 T7 N3\nE T7 T1 N3\nE T1 T2 
N3\nE T2 T8 N3\nE T10 T8 N3\nX N N1 P 1\nX J N1 P 1

Example 3
Instruction: 
Generate the CAD sequence based on the input SVG sequence.##Input:\nP F1 32 32\nP S1 29 9\nP S2 34 9\nP S3 29 54\nP S4 34 54\nP T1 9 
29\nP T2 54 29\nP T3 9 34\nP T4 54 34\nN N1 4\nN N2 44\nR R1 22\nG T L T1 T3 N1\nG T L T1 T2 N2\nG T L T2 T4 N1\nG T L T3 T4 
N2\nG F C F1 R1\nG S L S1 S2 N1\nG S L S3 S4 N1\nG S L S1 S3 N2\nG S L S2 S4 N2\n##Output:\n
Answer:
S 1 F B 34 D -1\nP 1\nL +\nO F1 R1\nX N N1 P 1

Example 4
Instruction: 
Generate the CAD sequence based on the input SVG sequence.##Input:\nP F1 25 10\nP F2 38 10\nP F3 25 53\nP F4 38 53\nP S1 32 32\nP T1 25 
10\nP T2 38 10\nP T3 25 53\nP T4 38 53\nN N1 12\nN N2 42\nR R1 21\nG T L T1 T2 N1\nG T L T1 T3 N2\nG T L T2 T4 N2\nG T L T3 T4 
N1\nG F L F1 F2 N1\nG F L F3 F4 N1\nG F L F1 F3 N2\nG F L F2 F4 N2\nG S C S1 R1\n##Output:\n
Answer:
S 1 S B 38 D 1\nP 1\nL +\nO S1 R1\nX N -N1 P 1

Example 5
Instruction: 
Generate the CAD sequence based on the input SVG sequence.##Input:\nP F1 5 29\nP F2 11 29\nP F3 11 32\nP F4 16 32\nP F5 21 32\nP F6 46 
32\nP F7 47 32\nP F8 57 32\nP F9 5 34\nP F10 11 34\nP F11 16 34\nP F12 21 34\nP F13 46 34\nP F14 47 34\nP F15 57 34\nP S1 27 29\nP S2 32 
29\nP S3 37 29\nP S4 40 29\nP S5 32 31\nP S6 37 31\nP S7 40 31\nP S8 27 34\nP S9 32 34\nP T1 27 15\nP T2 57 23\nP T3 10 25\nP T4 4 25\nP 
T5 57 28\nP T6 16 28\nP T7 47 28\nP T8 8 29\nP T9 21 30\nP T10 46 30\nP T11 8 31\nP T12 1 31\nP T13 58 32\nP T14 57 34\nP T15 57 35\nP 
T16 16 36\nP T17 49 36\nP T18 8 37\nP T19 11 40\nP T20 54 40\nP T21 2 44\nP T22 63 44\nP T23 62 27\nP T24 7 24\nP T25 50 25\nP T26 46 
29\nN N1 1\nN N2 4\nN N3 4\nN N4 5\nN N5 5\nN N6 6\nN N7 7\nN N8 8\nN N9 9\nN N10 9\nN N11 12\nN N12 12\nN N13 13\nN N14 
13\nN N15 14\nN N16 16\nN N17 17\nN N18 23\nN N19 25\nN N20 43\nN N21 46\nN N22 51\nN N23 63\nR R1 2\nR R2 3\nR R3 5\nR R4 
7\nR R5 12\nG T L T1 T7 N18\nG T L T3 T9 N11\nG T L T6 T1 N17\nG T L T6 T9 N4\nG T L T7 T15 N12\nG T L T9 T10 N19\nG T L T12 
T4 N7\nG T L T12 T19 N14\nG T L T15 T22 N16\nG T L T18 T6 N13\nG T L T18 T19 N3\nG T L T20 T15 N6\nG T L T19 T20 N20\nG T L 
T20 T13 N9\nG T L T21 T18 N10\nG T L T21 T22 N23\nG T C T5 R2\nG T C T8 R2\nG T C T16 R1\nG T C T17 R1\nG T A T2 T23 T13 C T5 
R R3\nG T A T4 T24 T3 C T11 R R4\nG T A T10 T25 T2 C T14 R R5\nG T A T10 T26 T7 C T14 R R5\nG F L F1 F9 N2\nG F L F1 F2 N5\nG 
F L F2 F10 N2\nG F L F3 F8 N21\nG F L F4 F11 N1\nG F L F5 F12 N1\nG F L F6 F13 N1\nG F L F7 F14 N1\nG F L F8 F15 N1\nG F L F9 F15 
N22\nG S L S1 S8 N2\nG S L S2 S9 N2\nG S L S3 S6 N1\nG S L S1 S4 N15\nG S L S4 S7 N1\nG S L S5 S7 N8\nG S L S8 S9 N5\n##Output:\n
Answer:
S 1 T B 29 D 1\nP 1\nL +\nO T8 R2\nL +\nO T5 R2\nL +\nO T16 R1\nL +\nO T17 R1\nL +\nE T12 T19 N14\nE T19 T20 N20\nE T20 T13 
N9\nA - T13 T2 C T5 R R3\nA + T10 T2 C T14 R R5\nE T10 T9 N19\nE T9 T3 N11\nA - T3 T4 C T11 R R4\nE T12 T4 N7\nS 2 T B 34 S 1\nP 
2\nL +\nO T17 R1\nP 3\nL +\nE T1 T7 N18\nA + T10 T7 C T14 R R5\nE T10 T9 N19\nE T9 T6 N4\nE T1 T6 N17\nP 4\nL +\nO T16 R1\nP 
5\nL +\nE T21 T22 N23\nE T22 T15 N16\nE T20 T15 N6\nE T19 T20 N20\nE T19 T18 N3\nE T21 T18 N10\nP 6\nL +\nE T15 T7 N12\nA + 
T10 T7 C T14 R R5\nE T10 T9 N19\nE T9 T6 N4\nE T6 T18 N13\nE T19 T18 N3\nE T19 T20 N20\nE T20 T15 N6\nL +\nO T16 R1\nL +\nO 
T17 R1\nX N N2 P 1\nX C -N1 P 4 2 5 3 6

Figure A1: Five instruction and answer examples used in our main paper.

18



Method Token Type Entropy ↓ Top-1 Prob. ↑ Target Prob. ↑

w/ Pointer

All pointers 0.143 0.942 0.923
Point pointers (P) 0.222 0.911 0.881
Length pointers (N ) 0.008 0.997 0.995
Radius pointers (R) 0.047 0.978 0.969

w/o Pointer

All corresponding tokens 0.384 0.713 0.641
Point values 0.421 0.624 0.552
Length values 0.097 0.802 0.748
Radius values 0.406 0.771 0.719

Table 7: Next-token uncertainty under teacher forcing on test samples. The lower entropy and higher
probabilities of the pointer-routing formulation illustrate the benefit of representing CAD construction
as symbolic routing.

next-token distribution behaves like a pointer-like routing mechanism over symbolic entities defined
in the input.

… …F1 F2 S1 S2 T1 T2 T3

1.00Top 1 = T3      P = 1.000

target = T3
Circle1.center

R1 R2 R3

0.835Top 1 = R3
P = 0.835

target = R3

Circle1.radius

R1 R3R2

0.798
Top 1 = R2    P = 0.798
target = R2
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… …F1 F2 S1 S2 T1 T2 T3

1.00Top 1 = T3      P = 1.000

target = T3

Circle2.center

T3

R3

R2

Figure A2: Qualitative visualization of the learned pointer-style routing behavior. The CAD object
contains two highlighted circle entities. For each circle-related output slot, we show the model’s
top-1 prediction, its probability, and the probabilities assigned to alternative candidate tokens. The
correct symbolic reference receives the dominant probability mass, indicating that the model performs
slot-conditioned selection over reusable CAD entities rather than unconstrained token generation.

F Equivariance under Symbolic Renaming

To test whether the model truly performs symbolic routing rather than memorizing fixed identifier
patterns, we conduct a symbolic renaming experiment. For each test sample, we randomly permute
the symbolic names in the input sequence, including point, length, and radius identifiers, while
keeping the underlying geometric structure unchanged. We then regenerate the CAD sequence from
the renamed input and compare it against the expected renamed target sequence.

Table 8 reports the results test samples. The most important finding is that the generated outputs
remain entirely within the renamed symbol table: the slot validity is 1.000 and the invalid reference
rate is 0.000 for all token types. This indicates that the model consistently routes to valid renamed
symbols instead of hallucinating unseen identifiers. Although the strict slot-wise exact match rate is
lower, especially for point pointers, this metric is conservative because it requires exact agreement
at the same output position and does not account for equivalent alternative orderings or symmetric
choices. Overall, the results support the claim that the model is equivariant to symbolic renaming and
that its predictions are governed by symbolic routing over the input-defined namespace.
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Token Type Slot Exact Rate ↑ Slot Validity ↑ Invalid Ref. Rate ↓
All pointer slots 0.961 1.000 0.000
Point pointers 0.908 1.000 0.000
Length pointers 0.976 1.000 0.000
Radius pointers 0.978 1.000 0.000

Table 8: Permutation equivariance under symbolic renaming on test samples. For each sample, the
input point, length, and radius identifiers are randomly renamed, and the model is required to generate
a correspondingly renamed CAD sequence. The results show that the model always stays within the
renamed symbol table, yielding perfect slot validity and zero invalid references.

G Additional Qualitative Results

To further demonstrate the robustness and generalization capabilities of ForgeCAD, we present
additional qualitative results in Fig. A3. These examples encompass a diverse array of industrial
CAD models with varying levels of topological complexity, ranging from simple mechanical parts to
highly detailed assemblies.

As observed, ForgeCAD consistently translates 2D orthographic projections into highly accurate
3D boundary representations (B-Reps). The model excels at preserving intricate geometric details,
such as precisely aligned through-holes, complex multi-level extrusions, and symmetric features,
which frequently confound traditional numerical regression baselines. By leveraging the proposed
pointer-centric symbolic representation, our approach ensures that the strict spatial relationships and
dimensional specifications defined in the input engineering drawings are reliably routed and rigorously
executed in the final procedural generation. This further validates the efficacy of reformulating CAD
generation as a discrete symbolic routing task.

DeepCAD GTOursInput Drawing2CAD

Front Side Top Front Side Top

DeepCAD GTOursInput Drawing2CAD

Front Side Top Front Side Top

Front Side Top Front Side Top

Front Front

FrontFront

Side Side

SideSide

TopTop

Top Top

Figure A3: Additional qualitative results of ForgeCAD on the DeepCAD test set. The generated
3D CAD models exhibit high geometric fidelity and structural correctness, successfully capturing
complex topologies, intricate internal features, and precise spatial arrangements specified by the 2D
orthographic engineering drawings.

H Failure Cases, Limitations and Future Work

As illustrated in Fig. A4, we identify two primary categories of failure cases in ForgeCAD.
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Incomplete View Representation. Following the established setting of prior work, our input
engineering drawings relies on three orthographic projections with hidden-line removal. However,
this formulation is not mathematically complete and inherently fails to capture features invisible
from these standard views (e.g., internal cavities or blind holes on a bottom surface). Without a
complete geometric representation, the model cannot reconstruct these occluded structures. Future
work could resolve this bottleneck by incorporating dashed hidden lines or auxiliary views into the
SVG sequence.

Routing Errors in Complex Assemblies. Even when the input views provide complete information,
dense or stacked objects can occasionally cause symbolic routing errors. A typical manifestation is
the model referencing an incorrect length scalar during an Extrude command. This indicates that
visually entangled primitives with similar numerical values can still confound the pointer network.
Future iterations may mitigate this by integrating explicit spatial reasoning objectives or enforcing
stricter contextual constraints during token retrieval.

GTOursInput

Front Side Top Front Side Top

GTOursInput

Front Side Top Front Side Top

Front Side Top Front Side Top

FrontFront SideSide Top Top

Figure A4: Typical failure cases of ForgeCAD.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: The main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: We mention our limitations in Appendix H.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate “Limitations” section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [N/A]
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Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We disclose all information needed for reproduction in Section 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: We will provide data, code, and instructions for the final paper.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://neurips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so "No" is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//neurips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyperpa-
rameters, how they were chosen, type of optimizer) necessary to understand the results?
Answer: [Yes]
Justification: We specifies all the training and test details in Section 4.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes]
Justification: We report consistent performance across multiple runs and use fixed random
seed settings to support the statistical significance of our results.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
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• It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g., negative
error rates).

• If error bars are reported in tables or plots, the authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: We provide information about the computer resources used in Section 4.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We have read and understood the code of ethics and have made every effort to
adhere to it.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [N/A]

Justification: Our work contributes to Drawings-to-CAD Generation. It does not impact
society at large.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate Deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pre-trained language models,
image generators, or scraped datasets)?

Answer: [N/A]

Justification: The paper poses no such risks.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: All existing assets, including code, data, and models, are properly cited in
the paper, and their licenses and usage terms are respected in accordance with the original
sources.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We will release our codebase along with detailed README files to ensure
usability and reproducibility in an anonymous manner.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [N/A]

Justification: This work does not use crowdsourcing or human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [N/A]

Justification: This work does not use crowdsourcing or human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigor, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: We describe the usage of LLMs in Section 3 and details in Section 4.1.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy in the NeurIPS handbook for what should or should not
be described.
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