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1. Supplementary Result
The supplementary material provides extended evalua-
tions complementing the main paper. We compare Du-
alPrim with a range of state-of-the-art methods across 5
categories: volume rendering-based methods RNb-NeuS
(RNS) [2], tetrahedron-based method nvdiffrec (NVD) [11],
primitive-based differentiable rendering method Differen-
tiable Blocks World (DBW) [9], shape abstraction methods
EMS [6], Marching Primitives (MP) [7], and PrimitiveAny-
thing (PA) [14], and topology optimization methods Flexi-
cubes (FC) [12] and MeshAnything (MA) [4].

Table 1 reports per-category Chamfer Distances on 12
ShapeNet [3] categories, with 15 objects randomly sampled
per category to ensure coverage of diverse structures and
geometries. DualPrim generally achieves lower reconstruc-
tion error, demonstrating its ability to recover compact and
structured geometry from multi-view images.

Figure 1 and Figure 2 provides additional qualita-
tive comparisons on the ShapeNet dataset and Figure ??
provides qualitative comparisons on objects from Obja-
verse and Sketchfab. Connected components are ren-
dered in different colors for better visualization. RNS [2]
and NVD [11] tend to produce over-tessellated surfaces
due to grid-based Marching Cubes/Tetrahedrons extraction;
FC [12] preserves global structure but struggles with fine
details; MP [7], EMS [6], PA [14], and MA [4] generate
compact meshes but the topologies are sensitive to SDF
noise; and DBW [9] has difficulty modeling complex sur-
faces due to its limited primitive capacity. In contrast, Dual-
Prim produces compact, structurally coherent meshes while
preserving both global and fine-scale geometry.
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These supplementary quantitative and qualitative results
further validate the effectiveness of our method.

2. Implementation Details
Initialization. We initialize K = 100 super-primitives,
with their parameters summarized in Table 2. To ensure
overlap between PSQs and NSQs, the NSQs are initialized
using the parameters of the PSQs.

The MLP used for lighting prediction contains 4 layers
with a hidden width of 64, using ReLU activations for hid-
den layers and Sigmoid activation at the output to maintain
bounded predictions.

Training Details. Each object is optimized indepen-
dently and requires approximately 5 hours on an NVIDIA
GeForce RTX 3090 GPU. A promising direction for fu-
ture work is to accelerate training by reducing the number
of ray samples, potentially achieving 45× speedups [13]
through techniques such as occupancy-grid empty-space
skipping (Instant-NGP [10], DVGO [13]) and hierarchi-
cal or proposal-based sampling (NeRF [8], Mip-NeRF
360 [1]).
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Category
CD (×10−2)

Ours RNS [2] NVD [11] FC [12] PA [14] MP [7] MA [4] EMS [6] DBW [9]

airplane 4.70 4.73 4.72 5.76 6.09 8.38 7.54 10.81 8.39
bed 9.27 17.38 16.69 21.45 14.94 17.00 13.57 21.46 18.86
bench 7.01 16.13 15.80 20.32 11.52 21.61 11.31 21.98 21.00
bookshelf 9.25 12.51 13.04 13.23 15.89 12.99 8.84 17.63 15.46
bottle 9.63 10.89 11.45 12.25 13.09 11.63 9.72 12.68 11.51
camera 8.16 8.08 7.40 11.34 11.58 11.79 12.29 13.22 14.49
chair 8.22 12.88 12.25 16.01 10.47 14.34 9.16 22.21 22.41
clock 8.59 9.25 9.01 9.36 13.34 8.69 10.75 12.66 17.33
faucet 5.11 6.18 6.00 8.26 6.23 7.62 5.61 12.23 11.33
lamp 5.71 6.93 6.79 16.56 10.83 12.84 11.82 15.61 12.43
sofa 10.10 10.84 11.75 11.47 11.17 10.41 11.66 18.19 14.14
table 8.77 12.56 12.48 13.98 13.64 12.82 12.83 24.04 22.10

Table 1. Quantitative comparison of DualPrim (ours) with 8 representative methods on 12 categories.

Parameter Name Shape Init Value
(ax, ay, az) (2, 3) 0.1

(ϵ1, ϵ2) (2, 2) 1.0

α (1) 1.0

θ (1) 0.5

T (2, 3) U(0, 1)

R (2, 3) 1

basic color cbasic (3) U(0, 1)

Table 2. The initial super-primitive parameter values for Dual-
Prim.
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Figure 1. Qualitative comparison on ShapeNet objects (part 1). Each object occupies two rows. The first row shows input, Ours, PA, MA,
MP, EMS, and NVD. The second row shows FC, RNS, CAPRI, D2CSG, DiffCSG, 2DGS+MC, and 2DGS+CSG.
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Figure 2. Qualitative comparison on ShapeNet objects (part 2). Each object occupies two rows. The first row shows input, Ours, PA, MA,
MP, EMS, and NVD. The second row shows FC, RNS, CAPRI, D2CSG, DiffCSG, 2DGS+MC, and 2DGS+CSG.
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Figure 3. Qualitative comparison on in-the-wild objects. Each object occupies two rows. The first row shows input, Ours, PA, MA, MP,
EMS, and NVD. The second row shows FC, RNS, CAPRI, D2CSG, DiffCSG, 2DGS+MC, and 2DGS+CSG.
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