Supplementary Material for CaKDP

This document supplements our main submission “CaKDP:
Category-aware Knowledge Distillation and Pruning
Framework for Lightweight 3D Object Detection”. We first
report the experiment details of our proposed framework
in Section 1. In Section 2, we illustrate more technical
details. Besides, We provide the statistical analysis of
Figure 2 in Section 3. In Section 4, we demonstrate more
results of CaKDP. Moreover, in Section 5, we conduct
ablations to illustrate the influence of factor of KD loss
(). In Section 6 and Section 7, we demonstrate that the
comparisons focus exclusively on distillation and pruning,
respectively. Furthermore, in Section 8, we discuss the
pipeline of our CaKDP framework. Finally, in Section 9,
we further visualize the predictions before and after
IOU-aware refinement.

1. Experiment Details
1.1. Dataset

KITTI Dataset: KITTI 3D object benchmark contains
7481 training samples and 7518 test samples. The train-
ing samples are further divided into a training set with 3712
samples and a validation set with 3769 samples. The dataset
has three categories (Car, pedestrian and cyclist). Also, the
dataset has three difficulty levels (easy, moderate, and hard)
based on the object size, occlusion, and truncation levels.
To detect the objects of KITTI, we voxelize the input
point cloud into a grid of resolutions [0.05,0.05,0.1] me-
ters in ranges [0, 70.4], [—40, 40], and [—3, 1] meters along
the X, Y, and Z axes, respectively. The maximum number
of points in each voxel is set to 5. To demonstrate the detec-
tion ability of the detectors on KITTI dataset, we evaluate
the results by moderate average precision @R40 (40 recall
positions) for each category and also calculate the moder-
ate mean average precision @QR40 (moderate mAPQR40).
Following the default settings in OpenPCDet [10], for cars
we require an 3D bounding box overlap of 0.70, while for
pedestrians and cyclists we require a 3D bounding box over-
lap of 0.50.
Waymo Open Dataset (WOD): WOD is a large-scale pub-
lic autonomous driving dataset, which contains 1150 se-
quences in total, with 798 for training, and 202 for vali-
dation. It is collected by one long-range LiDAR sensor at
75 meters and four near-range sensors. We detect the cate-

gories of vehicle, pedestrian and cyclist in the WOD.

For WOD, point clouds are clipped into [—75.2,75.2]
meters for X- or Y-axis, and [—2,4] meters for Z-axis.
Voxel size is [0.1,0.1,0.15] meters by default. The maxi-
mum number of points in each voxel is set to 5. Following
[10], we evaluate the results by LEVEL 1/LEVEL 2 AP
(L1 AP/L2 AP) and LEVEL 1/LEVEL 2 APH (L1 APH/L2
APH) of each category and also calculate LEVEL 2 mAP
(L2 mAP) and LEVEL 2 mAPH (L2 mAPH).

For both KITTI dataset and WOD, following previous
works on pruning and KD [4, 6, 14], we leverage the num-
ber of parameters and FLOPs evaluate the efficiency of the
detectors.

1.2. Implementation Details

Implementation Details of KITTI Dataset: For all the ex-
periments on KITTI dataset, the factor of IOU loss (f3) is
set to 1.0. In training phase, same as the default configu-
rations in OpenPCDet [10] and SpareseKD [12], the batch
size, number of epochs, weight decay, momentum are set to
4, 80, 0.01 and 0.9 respectively. The initial learning rate is
set to 0.003, and it is multiplied by 0.1 at the 35-th and 45-
th epochs. In inference phase, the threshold of IOU-aware
refinement module is set to 0.1 (i.e., 6 = 0.1).

Additionally, when SECOND is student model, to se-
lect the representative samples from student detectors, we
set the threshold of NMS to 0.7, and samples with the con-
fidence (category prediction) less than 0.25 are ignored in
the NMS pipeline. For the combinations of “SECOND &
Voxel-RCNN” and “SECOND & PV-RCNN”, when retain-
ing ratios are equal to 1.0, 0.75 and 0.5, the factor of KD
loss () is set to 1.0; and when retaining ratio is equal to
0.30, the factor of KD loss is set to 0.1. Moreover, for the
combination of “SECOND & PartA2”, when retaining ra-
tios are equal to 1.0 and 0.75, the factor of KD loss is set
to 1.0; and when retaining ratios are equal to 0.50 and 0.30,
the factor of KD loss is set to 0.1.

Furthermore, when training the higher performance Cen-
terPoint, we set the threshold and confidence (category pre-
diction) in NMS pipeline to 0.7 and 0.1, respectively. For
the combination of “CenterPoint & Voxel-RCNN”, when
retaining ratios are equal to 1.0, 0.75 and 0.5, the factor of
KD loss is set to 2.0; and when retaining ratio is equal to
0.35, the factor of KD loss is set to 1.0. Besides, for “Cen-



‘ Along y-axis

‘ Along x-axis

Type Model
P | abovered  betweenred andblue | (0,0.2] (0.2,04] (0.4,0.6] (0.6,0.8] (0.8, 1.0]
SECOND [11] 44.10% 34.70% 1.19% 1.16% 11.51% 40.81% 40.67%
One-stage CenterPoint [13] 15.46% 64.61% 0.82% 3.59% 12.20% 39.82% 41.18%
Voxel-RCNN [2] 79.10% 16.09% 0.76% 2.60% 10.25% 39.12% 44.44%
Two-stage  PV-RCNN [7] 77.65% 16.64% 3.70%  0.66%  1073%  37.87%  45.18%
PartA2 [8] 81.36% 13.70% 0.92% 2.95% 10.80% 38.02% 44.48%

Table 1. Proportions in Figure 2. For the statistics along y-axis and x-axis, we exclude the predictions with IOU of 0, and the predictions

with Cate-Pred of 0, respectively.

terPoint & PV-RCNN” and “CenterPoint & PartA2”, when
retaining ratios are equal to 1.0, 0.75 and 0.5; the factor of
KD loss is set to 1.0, and when retaining ratio is equal to
0.35, the factor of KD loss is set to 0.1.

Implementation Details of WOD and WOD-mini: For
all the experiments on WOD-mini and WOD, the factor of
10U loss (3) is also set to 1.0. Besides, we set the threshold
of NMS to 0.7, and samples with the confidence (category
prediction) less than 0.1 are ignored in the NMS pipeline.
In training phase, we also keep the common configurations
used in OpenPCDet [10] and SpareseKD [12], the batch
size, number of epochs, initial learning rate, weight decay,
momentum are set to 4, 30, 0.003, 0.01 and 0.9 respectively.
In inference phase, the threshold of IOU-aware refinement
module is set to 0.05 (i.e., § = 0.05).

Additionally, the factors of KD loss («) are set to 0.5 and
1.0 for distillation in the combinations of “CenterPoint &
PV-RCNN++" and “CenterPoint & Voxel-RCNN”, respec-
tively.

2. More Technical Details
2.1. Selection Process for Representative Samples

In Section 3.2 of the main paper, we leverage non-maximum
suppression (NMS) to select representative samples (RSs)
from the student detector, and then the selected RSs are used
to match the teacher’s knowledge at corresponding location
for distillation. We here demonstrate the detailed selection
process for RSs:

(1) Firstly, all anchors are sorted from large to small based
on their category predictions (confidence scores), and
the top-N samples with higher confidence scores are
selected to form the current processing bank. Here, the
processing bank represents the set of samples that cur-
rently needs to be processed.

(2) Afterwards, we select the prediction with the highest
confidence score in the current processing bank, and
move it from the processing bank to the candidate bank,
where the candidate bank represents the set of RSs.

(3) After that, we calculate the intersection over union
(IOU) between the current sample with the highest
confidence and other anchors in the processing bank.
Subsequently, we remove samples from the processing
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Figure 1. Results of CaKDP with different a.

bank whose IOU exceeds the IOU threshold.

(4) We repeat step (2) and step (3) until there are no an-
chors left in the processing bank. The final candidate
bank comprises the set of RSs.

2.2. Details of IOU-aware Refinement Module

In Section 3.4, we propose the modified IOU-aware refine-
ment module to remove the redundant false positive (FP)
samples. We here demonstrate the architecture for predict-
ing IOU and the ground truth label of IOU:

Architecture of IOU head: We set the IOU head to be the
same as the classification head. In anchor-based detectors
(e.g., SECOND), it entails a single-layer 1x1 convolution.
In center-based detectors (e.g., CenterPoint), it involves a
stack of one-layer 3x3 convolution (including, batch norm
and ReLU) followed by one-layer 1x1 convolution.

Label of IOU: For the anchor-based detectors, the label is
the IOU between the anchor and the ground truth bounding
box, which ranges from 0 to 1. For center-based detectors,
the label takes values of either O or 1, where the IOU label
corresponding to the object center is set to 1, and the IOU
label corresponding to other position is set to O.

3. Statistically Analyze of Figure 2

In Figure 2 of the main paper, we illustrate the gap between
heterogeneous detectors by demonstrating the distribution
of predictions of different detectors. In this subsection, Ta-
ble 1 statistically analyzes the proportion of predictions in
different intervals. This table numerically explains that the



ini Car Pedestrian Cyclist
‘ Model Retan}lng KD y Para.  FLOPs Modf\rate
| Ratio Loss Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard mAPQR40

Stu | SECOND [11] 1.00 X 89.59 81.33 7850 58.07 5295 4851 8344 6589 6244 53 80.7 66.72
CenterPoint [13] 1.00 b 4 86.61 78.50 76.44 5626 51.85 4722 8477 67.78 64.06 5.8 96.5 66.04

Tea ‘ Voxel-RCNN [2] 1.00 X 92.81 84.97 8247 6356 57.74 52.86 91.73 7373 69.27 11.0 81.6 72.15
Stu | SECOND [11] 1.00 v 9264 8327 8061 6841 6088 5536 9429 7513 69.17 53 81.0 73.09
0.75 v 9185 83.09 8027 69.71 6291 5731 91.67 7348 68.65 3.3 54.2 73.16

0.50 v 91.79 8272 80.01 68.02 60.44 5478 90.58 72.15 67.60 1.5 30.2 71.77

0.30 v 8923 79.18 7497 6023 53.78 49.15 8279 66.61 6248 0.6 17.7 66.52

CenterPoint [13] 1.00 v 9005 8285 8022 67.71 60.84 5529 9221 7373 6920 5.8 97.9 72.48

0.75 v 9022 8272 80.18 6536 59.59 53.15 90.15 7351 69.03 3.5 67.3 71.94

0.50 v 89.62 8040 77.64 67.72 60.65 5521 8853 72.18 6772 1.8 39.5 71.07

0.35 v 8593 7398 6890 66.18 58.65 5222 84.05 66.73 6273 1.1 31.3 66.45

Tea ‘ PV-RCNN [7] 1.00 X 9144 84.25 8206 6569 57.67 5240 9020 7233 67.76 13.1 93.1 71.42
Stu | SECOND [11] 1.00 v 90.06 83.01 8034 6537 5861 5347 92.60 7382 69.30 53 81.0 71.81
0.75 v 9166 8269 80.14 6793 5992 5459 90.84 7199 6750 33 542 71.53

0.50 v 9035 8240 79.69 68.67 60.12 5373 90.29 71.17 66.75 1.5 30.2 71.23

0.30 v 8939 7946 7493 58.79 5296 4847 8221 6586 61.68 0.6 17.7 66.10

CenterPoint [13] 1.00 v 9045 8340 80.77 6471 57.56 5234 8940 70.89 6790 5.8 97.9 70.62

0.75 v 9035 8332 80.60 65.16 5810 5286 9137 7282 6871 3.5 67.3 71.41

0.50 v 89.80 8053 77775 6545 59.11 5297 8855 7025 6582 1.8 39.5 69.96

0.35 v 8584 7406 6922 6580 58.12 5252 8461 67.08 62.69 1.1 31.3 66.42

Tea | PartA2 [8] 1.00 b 4 91.62 8222 7992 6639 6042 5527 9056 72.65 68.15 63.6 93.3 71.77
Stu | SECOND [11] 1.00 v 90.05 82.66 8029 67.25 60.08 54.86 91.54 7351 6881 53 81.0 72.08
0.75 v 9031 8285 8020 68.02 60.51 5440 9203 73.86 69.13 3.3 54.2 72.41

0.50 v 90.13 8271 79.81 6453 57.62 5155 9048 72.10 67.63 1.5 30.2 70.81

0.30 v 8874 77.18 7441 58.82 5338 4892 8223 665 62.09 0.6 17.7 65.69

CenterPoint [13] 1.00 v 9023 8299 8039 6490 58.12 5270 9042 7207 6741 58 97.9 71.06

0.75 v 9022 83.05 8047 63.00 58.12 52.01 9228 7329 6877 3.5 67.3 71.49

0.50 v 89.87 80.14 7750 66.02 59.28 53.87 89.73 7224 6774 1.8 39.5 70.55

0.35 v 8555 7485 7035 6371 5773 5331 8326 6515 6144 1.1 31.3 65.91

Table 2. Results of CaKDP on KITTI Dataset.
moderate, and ‘Para.” represents parameter.

‘Tea’ and ‘Stu’ represent teacher and student models, respectively. ‘Mod.” represents

‘ Retaining KD Vehicle Pedestrian Cyclist L2
Model . Para. FLOPs
Ratio  Loss [ ] AP/APH L2AP/APH L1 AP/APH L2AP/APH LI AP/APH L2 AP/APH mAP/mAPH
Stu | CenterPoint [13] 1.00 X 7265/72.12 64.56/64.08 74.16/67.95 6223/60.53 70.75/69.56 68.16/67.02 7.8 1148 66.32/63.88
Tea | PV-RCNN++ [9] 1.00 X 7750/77.02 69.08/68.64 79.56/73.38 71.04/6532 72.75/71.66 70.09/69.04 16.1 1235 70.07/67.67
Stu | CenterPoint [13] 1.00 vV 7472/7424 66.32/65.88 77.97/72.25 69.43/64.14 7325/72.15 70.56/69.50 7.8 1162 68.77/66.51
0.70 v 7431/7381 6598/65.52 77.83/72.02 69.38/64.00 73.02/71.89 7037/69.28 47  79.1  68.58/66.27
0.50 v 7328/7277 64.94/6447 76.90/70.93 68.41/62.90 72.87/71.71 7021/69.09 2.8 556 67.85/65.48
0.35 v 7087/7032 62.49/61.99 74.69/68.39 66.02/60.28 70.42/69.19 67.82/66.64 1.8  39.0 65.44/62.97
Tea | Voxel-RCNN [2] 1.00 vV 7688/76.44 68.54/68.13 79.31/73.59 70.74/6542 72.49/71.45 69.83/68.83 18.7 117.6 69.70/67.46
Stu | CenterPoint [13] 1.00 vV 7491/7442 66.55/66.11 77.96/72.29 69.49/6423 72.96/71.83 70.28/6920 7.8 1162 68.78/66.51
0.70 vV 744417394 66.11/65.66 77.76/71.94 69.27/63.88 73.29/72.15 70.62/69.52 47  79.1  68.67/66.36
0.50 vV 7294/7244 64.56/64.11 76.92/70.96 68.34/62.85 7278/71.62 70.12/69.00 2.8 556 67.67/65.32
0.35 v 70.06/69.53 61.77/61.30 74.77/68.51 66.07/60.36 70.75/69.53 68.17/66.99 1.8  39.0  65.33/62.88

Table 3. Results on WOD-mini. ‘L1’ and ‘L2’ represent LEVEL 1 and LEVEL 2, respectively.

main discrepancy between heterogeneous detectors lies in
the category predictions.

4. Results of CaKDP

In Table 1, Table 3 and Table 5 of the main submitted
manuscript, we only report some of the key metric values
(moderate AP @R40, moderate mAP @R40, L2 mAP and
L2 mAPH) due to the page limitation policy. Hence, in
this section, we demonstrate all the results of our proposed

CaKDP in Table 2, Table 3 and Table 4.

5. Influence of Factor of KD Loss

In this section, we conduct experiments on the combination
of “CenterPoint & PV-RCNN++" (WOD) to illustrate the
influence of factor of KD loss () in Eq. (7) of main submit-
ted manuscript. We set the retaining ratio to 0.5, and other
configurations keep unchanged. The results of CaKDP with
different KD loss factors («) are shown in Fig. 1. When «
= 0.5, the L2 mAP and L2 mAPH reach their peak values,



| Retaining KD Vehicle Pedestrian Cyclist L2
Model . Para. FLOPs
Ratio  Loss L] AP/APH L2AP/APH L1 AP/APH L2AP/APH LI AP/APH L2 AP/APH mAP/mAPH
Stu | CenterPoint [13] 1.00 X 7421/73.67 66.25/65.76 76.26/70.16 68.50/62.86 72.09/70.96 69.47/68.38 7.8 1148 68.07/65.66
Tea | PV-RCNN++ [9] 1.00 X 78.64/7820 70.32/69.91 81.33/75.83 73.04/67.87 73.76/72.69 71.06/70.03 16.1 1235 71.47/69.27
Stu | CenterPoint [13] 1.00 v 7617/7571 61.76/67.34 79.07/73.73 70.53/65.55 73.60/7250 70.92/69.86 7.8 1162 69.74/67.59
0.70 v 7603/7555 67.72/67.27 79.20/73.74 70.80/65.69 72.84/71.75 70.16/69.11 47 791  69.56/67.36
0.50 v 7535/74.84 67.00/66.53 78.78/73.17 70.42/65.19 73.88/72.72 7121/7009 28 556 69.54/67.27
0.35 v 7321/7270 64.87/64.41 7727/71.28 68.76/63.23 73.08/71.91 7039/6926 1.8 390 68.01/65.63
Table 4. Results on full Waymo Open Dataset. ‘L1’ and ‘L2’ represent LEVEL 1 and LEVEL 2, respectively.
“SECOND & Voxel-RCNN” Method - Vanilla KD [3] GID [1] PD [15] SparseKD [12] CaKD
(Para./ FLOPs: 5.3M/80.7G) mAP 66.72 68.62 68.63 67.20 67.14 72.83
“CenterPoint & PV-RCNN++" Method - Vinalla KD [3] GID [1] PD [15] SparseKD [12] CaKD
(Para./ FLOPs: 7.8M/114.8G) mAPH  63.88 64.81 64.86 64.43 65.15 65.97

Table 5. Exclusive comparison on distillation.

which are 67.67% and 65.32%, respectively.

6. Exclusive Comparison on Distillation

In this subsection, we compare our CaKD with other KD
methods. Table 5 demonstrates the results of “SECOND
& Voxel-RCNN” on the KITTI dataset, and those of “Cen-
terPoint & PV-RCNN++" on the WOD-mini dataset. As
shown, our CaKD achieves higher accuracy student de-
tectors on both datasets. Particularly, our method signif-
icantly improves the performance of student models on
KITTI dataset, where CaKD provides SECOND with mAP
of 72.83%, while Vanilla KD, GID, PD and SparseKD
achieve 68.62%, 68.63%, 67.20%, 67.14%, respectively.
Therefore, our CaKD has ability to obtain the student de-
tector with higher performance.

7. Exclusive Comparison on Pruning

In this subsection, we compare our CaPr with L1 pruning
method [5], which leverages the L1 norm to evaluate the
importance of each filter. We set different pruning ratios
to compress SECOND on KITTI dataset while keeping the
default training configurations unchanged for retraining. As
shown in Table 6, our CaPr achieves higher mAP while
reducing more parameters and FLOPs. Therefore, CaPr
demonstrates its capability to produce lightweight student
detectors with appropriate architecture and parameters.

8. Pipeline of CaKDP Framework

CaKD and CaPr are two important modules in the training
phase of our proposed CaKDP framework. In this section,
we empirical study the influence of the order of these two
modules. We list four different pipelines as:

e #Mode 1: (1) KD: We first conduct CaKD to get the
complete one-stage student detector; (2) Pruning: After

that, we leverage CaPr to prune the distilled student detec-
tor; (3) Fine-tuning without KD loss: Then, we conduct
fine-tuning (without CaKD loss) to restore the accuracy
of the pruned detector. (4) KD: Finally, we further lever-
age CaKD to train the detector after fine-tuning, and get
the compact student detector with higher performance.

* #Mode 2: (1) KD: We first conduct CaKD to get the
complete one-stage student detector; (2) Pruning: After
that, we leverage CaPr to prune the distilled student de-
tector; (3) KD: Finally, we retrain the pruned detector by
final loss (containing CaKD loss) to restore the accuracy
of the pruned detector.

* #Mode 3: (1) Pruning: We first prune the pretrained
one-stage student detector; (2) Fine-tuning without KD
loss: After that, we conduct fine-tuning (without CaKD
loss) to restore the accuracy of the pruned detector. (3)
KD: Finally, CaKD is leveraged to improve the perfor-
mance of compact student detector after fine-tuning.

* #Mode 4 (Ours): (1) Pruning: We first prune the pre-
trained one-stage student detector; (2) KD: After that,
we retrain the pruned student detector by final loss (con-
taining CaKD loss) to restore the detection ability of the
pruned detector.

We take “SECOND & Voxel-RCNN” on KITTI dataset
as example to illustrate the influence of different pipelines.
The retaining ratio is set to 0.5, and other configurations re-
main unchanged. In Table 5, similar results are obtained
by four different pipelines. However, #Mode 4 (ours) has
the simplest and fastest training phase, while #Mode 1 to
#Mode 3 need more epochs to train the compact student
detector. Compared with #Mode 4, #Mode 1 contains a
fine-tuning step (without CaKD loss) and an additional KD
step (by training with final loss); #Mode 2 has an addi-
tional KD step (by training with final loss); and #Mode 3
provides a fine-tuning step (without CaKD loss). Therefore,
in all the experiments of our main submission, we utilize



ini Car Pedestrian Cyclist
Method Retan.nng Y Para. FLOPs Moderate
Ratio Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard mAPQR40
SECOND [11] 1.00 89.59 81.33 7850 58.07 5295 48.51 8344 6589 6244 53 80.7 66.72
L1 [5] 0.7 89.12 80.80 77.78 54.40 4898 44.71 8245 65.73 6226 2.6 39.5 65.17
CaPr 0.5 90.28 81.23 78.05 5554 50.24 4573 8395 67.23 6389 1.5 30.1 66.24
L1[5] 0.4 87.63 76.33 73.43 51.05 44.89 41.10 7275 5747 54.07 09 13.2 59.56
CaPr 0.3 89.02 78.23 7529 4997 46.65 4341 79.05 63.56 60.13 0.6 17.6 62.81
Table 6. Exclusive comparison on pruning.
C Pedestri Cyclist
Model Mode l ecean yemw Para. FLOPs Modfrate
Easy Mod. Hard Easy Mod. Hard Easy Mod. Hard mAP@R40
SECOND-x0.5 #Mode 1 9042 83.05 80.29 67.51 6035 5460 90.34 7261 6795 1.5 29.5 72.00
#Mode 2 90.56 82.74 7996 6753 60.18 5430 9146 7258 67.89 1.5 29.5 71.83
#Mode 3 90.48 82.89 80.17 6791 60.88 54.04 9122 7249 67.63 1.5 30.2 72.09
#Mode 4 (ours) 91.79 82.72 80.01 68.02 6044 54.78 90.58 72.15 67.60 1.5 30.2 71.77

Table 7. Comparison of Different Pipelines of CaKDP Framework.

#Mode 4 as the pipeline of our proposed CaKDP frame-
work.

9. Visualization

In this section, we demonstrate more examples to visualize
the influence of modified IOU-aware refinement module.
As shown in Fig. 2, predictions without IOU-aware refine-
ment contain more false positive (FP) samples. Therefore,
our modified IOU-aware refinement module in CaKDP
framework has ability to remove redundant FP samples, and
further helps the framework to improve the accuracy of the
student detectors.
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Figure 2. Visualization of the predictions before and after [OU-aware refinement. In each subfigure, the upper one of the two images rep-
resents the predicted results without refinement, while the lower one represents predicted results with our proposed IOU-aware refinement.
The Green, yellow and blue boxes represent the predicted bounding boxes of Car, Pedestrian and Cyclist, respectively. The red boxes
represent the ground truth bounding boxes.
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