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1. Losses
We adopt the scene-class affinity loss ℓSCAL from
MonoScene [2]. It optimizes the class-wise differentiable
(P)recision, (R)ecall and (S)pecificity, where tP and tR mea-
sure the performance of similar voxels, and tS measures
the performance of dissimilar voxels. Let pi and p̂i be the
ground truth label and the predicted probability of voxel i,
respectively. V is the set of all voxels. C denotes the num-
ber of classes. Let pi,j be the j-th element of pi. We have
the following definitions:

tP =

∑
i∈V pi · p̂i∑

i∈V
∑C

j=1 p̂i,j
, (1)

tR =

∑
i∈V pi · p̂i∑

i∈V
∑C

j=1 pi,j
, (2)

tS =

∑
i∈V(1− pi) · (1− p̂i)∑
i∈V

∑C
j=1(1− pi,j)

, (3)

The scene-class affinity loss is defined as:

ℓSCAL = ℓBCE(tP, t̂P) + ℓBCE(tR, t̂R)

+ ℓBCE(tS, t̂S)
(4)

where ℓBCE denotes the binary cross-entropy loss, and t̂P,
t̂R, and t̂S are respectively target precision, recall, and speci-
ficity calculated by replacing the prediction in Eqs. (1)-(3)
with ground truth. Following MonoScene [2], the semantic
scene completion loss ℓSSC includes the scene-class affinity
loss on both the semantic label and geometric label, along
with a standard cross entropy loss:

ℓSSC = ℓSCAL
SEM + ℓSCAL

GEO + ℓCE (5)

For 3D semantic guidance, we apply standard cross-entropy
loss and lovasz loss [1]:

ℓ3D = ℓCE + ℓLOVASZ (6)

ℓLOVASZ =
1

C

C∑
c=1

1

|Pc|

|Pc|∑
k=1

∆Jc(k) ℓc(k) (7)

where |Pc| denotes the total number of voxels considered
for category c, ℓc(k) is the k-th largest error (e.g., hinge
losses) for category c, sorted in descending order, ∆Jc(k)
represents the change in the Jaccard index (IoU) for cate-
gory c when including the k-th error, and C is the number
of classes.

For a given class c, the Lovász loss is computed as fol-
lows. First, we calculate the error for each voxel i belonging
to class c. These errors are then sorted in descending order.
Next, we compute the Jaccard (IoU) increment ∆Jc(k) for
the k-th voxel, which quantifies the change in the Jaccard
index when including this voxel’s error. Finally, the Lovász
loss for class c is defined as a weighted sum of the sorted
errors.

For 2D semantic guidance ℓ2D, we only apply standard
pixel-wise cross-entropy loss. The final loss functions for
training is:

ℓ = ℓSSC + ℓ3D + ℓ2D. (8)

2. Implementation Details

Algorithm 1 provides more details about OccMix. In
summary, it consists of three key components: (1) View-
Occupancy Mixing; (2) Voxel Proposal Fusion; and (3)
Mixed Feature Lifting. It is worth noting that, in the 2D-to-
3D feature lifting process, instead of extracting 2D features
from two training samples separately through the backbone
network, we lift the mixed 2D features F̃ 2D twice using dif-
ferent camera matrices. This design choice avoids running
the backbone network twice on different images, thereby
reducing computational overhead.

3. Additional Results
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CGFormer [8] Stereo Voxel + Lidar 45.99 16.87 65.51 32.31 20.82 0.16 23.52 34.32 19.44 4.61 2.71 7.67 26.93 8.83 39.54 2.38 4.08 0.00 9.20 10.67 7.84
MonoScene [2] Mono Voxel 37.12 11.50 57.47 27.05 15.72 0.87 14.24 23.55 7.83 0.20 0.77 3.59 18.12 2.57 30.76 1.79 1.03 0.00 6.39 4.11 2.48
TPVFormer [3] Mono Voxel 35.61 11.36 56.50 25.87 20.60 0.85 13.88 23.81 8.08 0.36 0.05 4.35 16.92 2.26 30.38 0.51 0.89 0.00 5.94 3.14 1.52
OccFormer [9] Mono Voxel 36.50 13.46 58.85 26.88 19.61 0.31 14.40 25.09 25.53 0.81 1.19 8.52 19.63 3.93 32.62 2.78 2.82 0.00 5.61 4.26 2.86
VoxFormer [5] Stereo Voxel 44.02 12.35 54.76 26.35 15.50 0.70 17.65 25.79 5.63 0.59 0.51 3.77 24.39 5.08 29.96 1.78 3.32 0.00 7.64 7.11 4.18
Symphonize [4] Stereo Voxel 41.92 14.89 56.37 27.58 15.28 0.95 21.64 28.68 20.44 2.54 2.82 13.89 25.72 6.60 30.87 3.52 2.24 0.00 8.40 9.57 5.76
HASSC [7] Stereo Voxel 44.82 13.48 57.05 28.25 15.90 1.04 19.05 27.23 9.91 0.92 0.86 5.61 25.48 6.15 32.94 2.80 4.71 0.00 6.58 7.68 4.05
SGN [6] Stereo Voxel 43.60 14.55 59.32 30.51 18.46 0.42 21.43 31.88 13.18 0.58 0.17 5.68 25.98 7.43 34.42 1.28 1.49 0.00 9.66 9.83 4.71
FairScene (ours) Stereo Voxel 43.63 16.06 57.21 30.02 18.64 0.45 21.63 31.42 26.52 3.19 3.01 7.98 26.74 7.69 33.8 5.16 1.56 0.01 10.81 12.06 7.26

Table 1. Results evaluated on SemanticKITTI val set. The method with the best performance is showcased in bold and the second best is
showcased in underline.

Methods IoU mIoU Parameters (M)

Symphonize [4] 42.19 15.04 59.31
VoxFormer [5] 42.95 12.20 57.81
HASSC [7] 43.40 13.34 58.43
FairScene 43.00 15.76 54.10

Table 2. Quantitative results of different SSC methods in terms
of IoU, mIoU, and model size. The IoU and mIoU results are
obtained on the SemanticKITTI test set. Our model achieves su-
perior performance with a relatively lightweight architecture.

Methods IoU mIoU

SGN 43.60 14.55
SGN + OccMix 43.30 14.99
VoxFormer 44.02 12.35
VoxFormer + OccMix 44.83 12.74

Table 3. Our proposed OccMix can be seamlessly integrated into
existing camera-based SSC frameworks. Results are reported on
the SemanticKITTI val set.

FairSceneSymphonies Input Image

Figure 1. FairScene can better handle occlusions than Symphonize

Tab. 2 shows that FairScene achieves competitive per-

Algorithm 1 OccMix

Require: Training sample Bi = (Ii,Yi,Ei,Ri,Oi); mix-
ing hyper-parameter λ

1: if np.random.random() < 0.3 then
2: for each random training sample index j ̸= i do
3: if Ei = Ej then
4: Bj = (Ij ,Yj ,Ej ,Rj ,Oj)
5: Break
6: end if
7: end for
8: // View-Occupancy Mixing
9: Ĩ ← λ · Ii + (1− λ) · Ij

10: Ỹ ← λ · Yi + (1− λ) · Yj

11: // Voxel Proposal Fusion
12: Õ ← Oi ∪Oj

13: // Mixed Feature Lifting
14: F̃ 2D ← Backbone(Ĩ); Ẽ = Ei = Ej

15: F 3D
i ← 2D-to-3D Feature Lifting(F̃ 2D, Ẽ,Ri)

16: F 3D
j ← 2D-to-3D Feature Lifting(F̃ 2D, Ẽ,Rj)

17: F̃ 3D ← λ · F 3D
i + (1− λ) · F 3D

j

18: end if
19: return B̃i = (Ĩ, Ỹ , Ẽ, R̃, Õ), R̃ = (Ri,Rj), F̃ 3D

formance while maintaining model efficiency. Specifically,
FairScene achieves an IoU of 43.00 and an mIoU of 15.76,
outperforming Symphonize in both IoU and mIoU while
using fewer parameters (54.10M vs. 59.31M). These re-
sults demonstrate the effectiveness of our proposed archi-
tecture in balancing accuracy and model complexity. Tab. 1
presents results on the SemanticKITTI validation set, where
FairScene achieves an mIoU of 16.06, outperforming all
other methods in this metric. Tab. 3 highlights the effective-
ness of our proposed OccMix by integrating it into existing
camera-based SSC frameworks. When applied to SGN, Oc-



cMix improves the mIoU from 14.55 to 14.99. Similarly,
incorporating OccMix into VoxFormer results in consis-
tent improvements in both IoU (44.02 to 44.83) and mIoU
(12.35 to 12.74). These results validate that OccMix can be
seamlessly integrated into different architectures and con-
sistently enhance their performance on the SemanticKITTI
validation set, demonstrating its generalizability and effec-
tiveness as a plug-in module for camera-based SSC tasks.

We also provide more visualization reults. Fig. 1 show
that FairScene can better handle occlusions than Sym-
phonize [4].
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