
Method RGB-D Object [3] ModelNet40 [4] ScanObjectNN [5] FG3D [6] (Airplane) FG3D [6] (Chair) FG3D [6] (Car)
I C AIA ACA AIA ACA AIA ACA AIA ACA AIA ACA

Two-stage:
MVCNN [7] - - 90.1⋆ 90.1⋆ - - 91.11 82.57 82.90 76.27 76.12 71.88
Pairwise Network [8] - - 90.7 - - - - - - - - -
GIFT [9, 10] - - 89.50⋆ 89.50⋆ - - - - - - - -
RCPCNN [11] - - 92.2 - - - - - - - - -
GVCNN [12] - 89.8‡ 93.1⋆ 93.1⋆ 88.68 86.64 - - - - - -
MHBN [13] - - 94.12 92.23 - - - - - - - -
VERAM [14] - - 93.7 92.1 - - - - - - - -
SeqViews2SeqLabels [15] - - 93.31 91.12 - - 93.44 88.52 82.54 79.89 75.36 72.23
MVCNN-new [16] - 89.0‡ 95.9 93.4 87.82 85.71 - - - - - -
MV-LSTM [17] - - 91.05 - - - - - - - - -
DeepCCFV [18] - - 92.46⋆ 92.46⋆ - - - - - - - -
MLVCNN [19] - - 94.16⋆ 94.16⋆ - - - - - - - -
3D2SeqViews [20] - - 93.40 91.51 - - 92.21 89.41 77.10 76.26 66.39 63.85
RotationNet [1, 2] 97.45 99.51 97.37 96.29 86.90 84.88 92.76 89.11 82.07 78.45 75.59 72.53
3DViewGraph [21] - - 93.80⋆ 93.80⋆ - - 93.85 88.21 83.58 79.88 77.11 71.65
MVSG-DNN [22] - - 92.3 - - - - - - - - -
EMVN [23] - - 94.67 - - - - - - - - -
Relation Network [24] - - 94.3 92.3 - - - - - - - -
View-GCN [25] - 94.3 97.6 96.5 90.39 88.67 93.58 87.44 83.63 79.70 77.34 73.68
HEAR [26] - - 96.7 95.2 - - - - - - - -
DRCNN [27] - - 96.84 94.86 - - - - - - - -
VMM [28] - - 96.72 95.24 - - - - - - - -
JointMVCNN [29] - - 94.16⋆ 94.16⋆ - - - - - - - -
MVLADN [30] - - 93.96 91.68 - - - - - - - -
DRMV [31] - - 96.76 95.04 - - - - - - - -
DAN [32] - - 93.5 - - - - - - - - -
CAR-Net [33] - - 97.73 - - - - - - - - -
CVR [34] - 91.8‡ 97.16 95.77 90.74 88.39 - - - - - -
SVHAN [35] - - 94.3 - - - - - - - - -
MVT [36] - - 97.5 - - - - - - - - -
VFMVAC [37] - 94.90 97.97 96.80 - - - - - - - -

Three-stage (Hypergraph):
iMHL [38] - - 97.16⋆ 97.16⋆ - - - - - - - -
HGNN [39] - - 96.7 - - - - - - - - -
MHGNN [40] - - 97.5 - - - - - - - - -
HGNN+ [41] - - 96.92 - - - - - - - - -
AMHCN [42] - - 97.86 - - - - - - - - -
GHSC [43] - - 97.75 - - - - - - - - -

Three-stage (Part):
Parts4Feature [44] - - 93.40⋆ 93.40⋆ - - 91.39 82.55 81.61 77.08 75.44 73.42
FG3D-Net [6] - - - - - - 93.99 89.44 83.94 80.04 79.47 74.03

Table 1: I: Instance-level accuracy. C: Category-level accuracy. AIA: Average instance accuracy.
ACA: Average class accuracy. ‘−’: Results are not reported. ‘⋆’: The train/test split is 80 training
samples (or all samples if the number is less than 80) and 20 test samples for each category. ‘‡’:
Results are quoted from [34]. Results on ScanObjectNN [5] and FG3D [6] are respectively quoted
from [34] and [6]. All results are reported in percentage.

A Performance

Table 1 lists the performance of 39 multi-view-based feature aggregation methods on four existing
datasets. Since MIRO [1] is only used in [1, 2], results are not included here.

1



Method Configuration MVA (%) ↑ MCC ↑ MCW ↓ Model Size (M) ↓ FLOPs (G) ↓ Latency (ms) ↓
DAN h = 1 91.87 ± 0.90 0.8569 ± 0.0036 0.6148 ± 0.0068 14.35 10.93 7.18 ± 0.07
DAN h = 2 92.05 ± 0.56 0.8592 ± 0.0044 0.6192 ± 0.0055 17.50 10.95 8.11 ± 0.04
DAN h = 3 90.75 ± 1.18 0.8679 ± 0.0108 0.6340 ± 0.0124 20.66 10.97 8.98 ± 0.04
DAN h = 4 90.65 ± 0.76 0.8852 ± 0.0073 0.6537 ± 0.0135 23.81 10.99 9.92 ± 0.03
DAN h = 5 90.20 ± 1.33 0.8859 ± 0.0130 0.6619 ± 0.0137 26.96 11.01 10.83 ± 0.05
DAN h = 6 89.54 ± 1.30 0.8977 ± 0.0087 0.6758 ± 0.0072 30.11 11.02 11.71 ± 0.05
DAN h = 7 89.20 ± 0.86 0.9015 ± 0.0043 0.6913 ± 0.0111 33.27 11.04 12.62 ± 0.08
DAN h = 8 88.87 ± 1.31 0.8990 ± 0.0074 0.6890 ± 0.0151 36.42 11.06 13.52 ± 0.06

CVR M = 4, λ = 0.1 70.50 ± 6.61 0.8078 ± 0.0306 0.6432 ± 0.0518 34.38 11.02 12.46 ± 0.09
CVR M = 8, λ = 0.1 64.18 ± 1.50 0.8175 ± 0.0058 0.6633 ± 0.0161 34.38 11.08 12.57 ± 0.07
CVR M = 16, λ = 0.1 55.53 ± 3.07 0.8116 ± 0.0148 0.6589 ± 0.0260 34.39 11.18 12.79 ± 0.06
CVR M = 4, λ = 0.5 77.44 ± 2.31 0.8075 ± 0.0181 0.6379 ± 0.0231 34.38 11.02 12.46 ± 0.09
CVR M = 8, λ = 0.5 78.27 ± 2.04 0.8291 ± 0.0062 0.6484 ± 0.0116 34.38 11.08 12.57 ± 0.07
CVR M = 16, λ = 0.5 76.93 ± 1.94 0.8271 ± 0.0106 0.6631 ± 0.0107 34.39 11.18 12.79 ± 0.06
CVR M = 4, λ = 1 78.58 ± 1.41 0.8172 ± 0.0121 0.6335 ± 0.0198 34.38 11.02 12.46 ± 0.09
CVR M = 8, λ = 1 79.95 ± 1.89 0.8347 ± 0.0118 0.6564 ± 0.0157 34.38 11.08 12.57 ± 0.07
CVR M = 16, λ = 1 76.22 ± 2.38 0.8358 ± 0.0130 0.6808 ± 0.0174 34.39 11.18 12.79 ± 0.06

Table 2: Performance of multi-view-based feature aggregation methods with different configurations.

B Hyperparameter Search

B.1 Range of hyperparameters

DAN [32]: Number of sublayers h ∈ [1, 2, 3, 4, 5, 6, 7, 8].

CVR [34]: Number of canonical views M ∈ [4, 8, 16]. Weighting factor λ ∈ [0.1, 0.5, 1].

KD [45]: Temperature T ∈ [2, 2.5, 3, 3.5, 4].

SB [46]: Weighting factor β ∈ [0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.95].

HB [46]: Weighting factor β ∈ [0.5, 0.55, 0.6, 0.65, 0.7, 0.75, 0.8, 0.85, 0.9, 0.95].

SEAL [47]: Number of iterations I ∈ [1, 2, 3, 4, 5].

PLC [48]: Initial confidence threshold θ0 ∈ [0.2, 0.3, 0.4, 0.5]. Step size β ∈ [0.05, 0.1, 0.2, 0.3].

OLS [49]: Weighting factor α ∈ [0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9].

B.2 Results

Tables 2 and 3 show the results of hyperparameter search for two multi-view-based feature aggregation
methods and six soft label methods, respectively. The best configuration for each method is marked
with blue.
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Method Configuration SVA (%) SVAI (%) ↑ MCCI ↑ MCWI ↓ MCDU ↓ MVA (%) ↑
KD T = 2 78.47 ± 0.55 99.62 ± 0.08 0.9587 ± 0.0009 0.5799 ± 0.0295 0.3867 ± 0.0040 85.72 ± 1.24
KD T = 2.5 78.20 ± 0.69 99.58 ± 0.09 0.9584 ± 0.0012 0.5908 ± 0.0422 0.3837 ± 0.0046 85.58 ± 1.63
KD T = 3 77.64 ± 0.76 99.59 ± 0.10 0.9569 ± 0.0015 0.5760 ± 0.0382 0.3827 ± 0.0050 84.99 ± 1.34
KD T = 3.5 77.23 ± 0.59 99.52 ± 0.10 0.9546 ± 0.0012 0.5751 ± 0.0398 0.3817 ± 0.0061 84.41 ± 1.41
KD T = 4 76.70 ± 0.75 99.49 ± 0.12 0.9525 ± 0.0014 0.5862 ± 0.0299 0.3755 ± 0.0048 83.50 ± 1.27

SB β = 0.5 74.41 ± 0.36 99.08 ± 0.33 0.8911 ± 0.0074 0.5573 ± 0.0177 0.2945 ± 0.0046 83.31 ± 0.41
SB β = 0.55 74.78 ± 0.31 99.13 ± 0.30 0.9040 ± 0.0045 0.5635 ± 0.0197 0.3193 ± 0.0100 82.88 ± 0.72
SB β = 0.6 75.09 ± 0.36 99.16 ± 0.24 0.9112 ± 0.0062 0.5681 ± 0.0238 0.3320 ± 0.0116 82.59 ± 0.83
SB β = 0.65 75.35 ± 0.35 99.24 ± 0.23 0.9175 ± 0.0056 0.5771 ± 0.0253 0.3440 ± 0.0105 82.66 ± 0.66
SB β = 0.7 75.63 ± 0.27 99.25 ± 0.21 0.9209 ± 0.0053 0.5877 ± 0.0255 0.3492 ± 0.0138 82.88 ± 1.13
SB β = 0.75 75.79 ± 0.32 99.28 ± 0.22 0.9296 ± 0.0033 0.5897 ± 0.0316 0.3686 ± 0.0097 82.31 ± 0.70
SB β = 0.8 76.05 ± 0.30 99.34 ± 0.18 0.9340 ± 0.0027 0.5976 ± 0.0375 0.3772 ± 0.0099 82.48 ± 0.66
SB β = 0.85 76.20 ± 0.25 99.33 ± 0.16 0.9384 ± 0.0027 0.5898 ± 0.0397 0.3850 ± 0.0128 82.46 ± 0.71
SB β = 0.9 76.43 ± 0.21 99.40 ± 0.22 0.9412 ± 0.0037 0.6086 ± 0.0390 0.3879 ± 0.0102 82.66 ± 0.58
SB β = 0.95 76.58 ± 0.17 99.44 ± 0.17 0.9441 ± 0.0033 0.6075 ± 0.0383 0.3913 ± 0.0095 82.77 ± 0.76

HB β = 0.5 75.87 ± 0.48 99.32 ± 0.18 0.9407 ± 0.0029 0.6039 ± 0.0287 0.3863 ± 0.0156 82.44 ± 1.14
HB β = 0.55 76.10 ± 0.42 99.40 ± 0.23 0.9421 ± 0.0046 0.6063 ± 0.0161 0.3942 ± 0.0096 82.46 ± 0.79
HB β = 0.6 76.19 ± 0.33 99.40 ± 0.15 0.9429 ± 0.0039 0.6052 ± 0.0240 0.3964 ± 0.0120 82.15 ± 0.98
HB β = 0.65 76.18 ± 0.24 99.43 ± 0.19 0.9447 ± 0.0033 0.6196 ± 0.0365 0.4008 ± 0.0094 82.26 ± 0.98
HB β = 0.7 76.33 ± 0.23 99.42 ± 0.17 0.9449 ± 0.0031 0.6288 ± 0.0363 0.4022 ± 0.0054 82.13 ± 0.72
HB β = 0.75 76.35 ± 0.35 99.41 ± 0.12 0.9460 ± 0.0039 0.6208 ± 0.0422 0.4039 ± 0.0089 82.28 ± 0.46
HB β = 0.8 76.49 ± 0.35 99.41 ± 0.16 0.9459 ± 0.0032 0.6147 ± 0.0424 0.4025 ± 0.0084 82.43 ± 0.58
HB β = 0.85 76.61 ± 0.35 99.45 ± 0.22 0.9462 ± 0.0030 0.6258 ± 0.0418 0.4027 ± 0.0093 82.46 ± 0.70
HB β = 0.9 76.58 ± 0.21 99.47 ± 0.20 0.9457 ± 0.0025 0.6039 ± 0.0428 0.4003 ± 0.0151 82.53 ± 0.90
HB β = 0.95 76.69 ± 0.18 99.44 ± 0.16 0.9469 ± 0.0029 0.6073 ± 0.0369 0.3989 ± 0.0097 82.73 ± 0.60
SEAL I = 1 74.28 ± 0.42 98.83 ± 0.28 0.7838 ± 0.0039 0.4964 ± 0.0322 0.2015 ± 0.0030 85.35 ± 1.07
SEAL I = 2 71.97 ± 0.33 98.92 ± 0.23 0.6846 ± 0.0036 0.4379 ± 0.0102 0.1404 ± 0.0018 85.48 ± 0.65
SEAL I = 3 69.16 ± 0.61 98.28 ± 0.38 0.5987 ± 0.0050 0.4109 ± 0.0141 0.1055 ± 0.0027 83.82 ± 0.73
SEAL I = 4 66.09 ± 0.23 97.08 ± 0.27 0.5291 ± 0.0032 0.3794 ± 0.0107 0.0866 ± 0.0018 81.33 ± 0.73
SEAL I = 5 63.62 ± 0.64 94.99 ± 1.02 0.4667 ± 0.0018 0.3379 ± 0.0107 0.0761 ± 0.0025 76.91 ± 0.75

PLC θ0 = 0.2, β = 0.05 76.51 ± 0.27 99.33 ± 0.20 0.9469 ± 0.0033 0.6126 ± 0.0424 0.4042 ± 0.0119 82.37 ± 0.72
PLC θ0 = 0.2, β = 0.1 76.15 ± 0.30 99.27 ± 0.17 0.9484 ± 0.0016 0.6073 ± 0.0424 0.4200 ± 0.0051 81.55 ± 0.55
PLC θ0 = 0.2, β = 0.2 75.48 ± 0.29 99.22 ± 0.20 0.9466 ± 0.0024 0.6417 ± 0.0374 0.4379 ± 0.0140 80.46 ± 0.91
PLC θ0 = 0.2, β = 0.3 74.17 ± 0.40 98.93 ± 0.31 0.9454 ± 0.0039 0.6093 ± 0.0287 0.4646 ± 0.0128 78.47 ± 0.79
PLC θ0 = 0.3, β = 0.05 75.50 ± 0.79 98.91 ± 0.24 0.9448 ± 0.0030 0.6479 ± 0.0258 0.4209 ± 0.0089 80.85 ± 1.05
PLC θ0 = 0.3, β = 0.1 75.37 ± 0.81 98.93 ± 0.19 0.9459 ± 0.0040 0.6469 ± 0.0476 0.4345 ± 0.0149 80.30 ± 1.50
PLC θ0 = 0.3, β = 0.2 74.84 ± 1.05 98.93 ± 0.27 0.9458 ± 0.0038 0.6528 ± 0.0439 0.4473 ± 0.0228 79.61 ± 1.87
PLC θ0 = 0.3, β = 0.3 73.79 ± 1.39 98.84 ± 0.35 0.9450 ± 0.0035 0.6774 ± 0.0488 0.4715 ± 0.0301 77.60 ± 2.43
PLC θ0 = 0.4, β = 0.05 73.83 ± 0.88 98.27 ± 0.36 0.9412 ± 0.0040 0.6830 ± 0.0150 0.4475 ± 0.0069 79.17 ± 1.51
PLC θ0 = 0.4, β = 0.1 73.67 ± 0.99 98.26 ± 0.49 0.9415 ± 0.0027 0.6859 ± 0.0254 0.4521 ± 0.0073 79.03 ± 1.32
PLC θ0 = 0.4, β = 0.2 72.96 ± 0.74 98.25 ± 0.50 0.9441 ± 0.0047 0.6861 ± 0.0484 0.4886 ± 0.0150 77.20 ± 1.00
PLC θ0 = 0.4, β = 0.3 71.99 ± 0.40 98.17 ± 0.38 0.9443 ± 0.0058 0.6824 ± 0.0321 0.5163 ± 0.0106 75.80 ± 0.83
PLC θ0 = 0.5, β = 0.05 70.51 ± 1.74 96.70 ± 0.77 0.9383 ± 0.0044 0.7021 ± 0.0203 0.5238 ± 0.0063 73.65 ± 2.62
PLC θ0 = 0.5, β = 0.1 70.52 ± 1.75 96.67 ± 0.76 0.9385 ± 0.0043 0.7023 ± 0.0245 0.5267 ± 0.0073 73.67 ± 2.61
PLC θ0 = 0.5, β = 0.2 70.47 ± 1.74 96.63 ± 0.86 0.9361 ± 0.0071 0.6996 ± 0.0267 0.5212 ± 0.0165 73.79 ± 2.52
PLC θ0 = 0.5, β = 0.3 70.40 ± 1.76 96.66 ± 0.84 0.9357 ± 0.0071 0.7032 ± 0.0302 0.5267 ± 0.0168 73.48 ± 2.50

OLS α = 0.1 67.94 ± 0.39 92.22 ± 0.77 0.3917 ± 0.0036 0.3214 ± 0.0070 0.0610 ± 0.0011 75.27 ± 1.14
OLS α = 0.2 72.03 ± 0.68 96.23 ± 0.52 0.5635 ± 0.0026 0.4285 ± 0.0099 0.1086 ± 0.0017 80.04 ± 0.93
OLS α = 0.3 73.89 ± 0.38 97.57 ± 0.41 0.6823 ± 0.0052 0.4826 ± 0.0143 0.1638 ± 0.0051 81.15 ± 0.92
OLS α = 0.4 74.82 ± 0.43 98.18 ± 0.31 0.7667 ± 0.0069 0.5151 ± 0.0133 0.2149 ± 0.0100 82.45 ± 0.98
OLS α = 0.5 75.42 ± 0.35 98.64 ± 0.32 0.8274 ± 0.0037 0.5397 ± 0.0167 0.2643 ± 0.0085 82.30 ± 1.05
OLS α = 0.6 75.81 ± 0.28 98.93 ± 0.23 0.8623 ± 0.0090 0.5605 ± 0.0155 0.2955 ± 0.0144 82.47 ± 0.60
OLS α = 0.7 76.17 ± 0.24 99.05 ± 0.25 0.8938 ± 0.0078 0.5730 ± 0.0117 0.3304 ± 0.0096 82.46 ± 0.68
OLS α = 0.8 76.35 ± 0.19 99.16 ± 0.15 0.9181 ± 0.0036 0.5780 ± 0.0258 0.3604 ± 0.0099 82.60 ± 0.58
OLS α = 0.9 76.63 ± 0.14 99.30 ± 0.17 0.9336 ± 0.0041 0.5852 ± 0.0273 0.3774 ± 0.0101 82.90 ± 0.57

Table 3: Performance of soft label methods with different configurations.
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