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A. Experimental Settings

A.l. Datasets

(i) MS-COCO [11], covering 80 categories, is the stan-
dard benchmark for multi-label image classification. MS-
COCO contains 115K and 5K images for training and val-
idation. (ii) PASCAL-VOC [6] consists of 5K and 4K im-
ages, across 20 categories, for training and validation. (iii)
NUS-WIDE [1], which is a large-scale dataset commonly
used for image classification with 81 concept categories, in-
cludes 161K and 107K annotated images for training and
validation, respectively.

A.2. Network Architectures

Our work considers several architectures, including ResNet
[7], Wide ResNet (WRN) [19], VGG [15], RepVGG [5],
MobileNetV2 (MBV?2) [14], ShuffleNetV2 (SHNV2) [20],
and Swin Transformer [12], under different model sizes. All
models are pre-trained on ImageNet-1K [3], as in [16, 18].

A.3. Evaluation Metrics

As [16, 18], we report the mean average precision (mAP)
over all classes, average per-class F1-score (CF1), and over-
all Fl-score (OF1) to evaluate the performance.

A.4. Implementation Details

For a fair comparison, we follow the L2D [18] and MSKD
[17] codebase. Specifically, we respectively train the teach-
ers and students for 30 and 80 epochs with the Adam op-
timizer [10]. The one-cycle policy is used with a maximal
learning rate of le-4 and a weight decay of le-4. The batch
size is 64 and the input size is 224 x 224. For each training
image, we apply a weak augmentation consisting of random
horizontal flipping and a strong augmentation consisting of
Cutout [4] and RandAugment [2]. In particular, the mod-
els used in MSKD [17] remove the additional MLP head.
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Figure B.1. Impact of o and 8 on MS-COCO [11]. The students
share the ResNet101 as the teacher. mAP is reported.

Regarding hyper-parameters, we set « = 100.0, 8 = 10.0,
7 = 4.0, and vy}, = 2.0 for all experiments.

B. Additional Experiments and Visualizations

B.1. More Distillation Results

Tab. B.1 and Tab. B.2 summarize more distillation results on
MS-COCO [11] and PASCAL-VOC [6]. It is observed that
the proposed 3D consistently surpasses the previous meth-
ods on both various teacher-student combinations, strongly
illustrating its effectiveness and superiority.

B.2. Reversed Distillation

Following L2D [18] and MDKD [16], we perform reversed
distillation on MS-COCO [11] by setting ResNet101 as
the student and ResNet34 as the teacher. As reported in
Tab. B.3, our method still outstrips the previous competi-
tors and obtains the top performance.

B.3. Sensitivity Analysis on Loss Weights

We introduce two hyper-parameters « and (3 to balance the
proposed KD losses. Fig. B.1 investigates their influences.
As shown, the performance variation is not large against the
loss weights, and different combinations of « and S5 could
result in stable and superior distillation performance.



Table B.1. Additional multi-Label image classification KD performance on MS-COCO [11].

VGG13 — MBV2

| ResNet32x4 — SHNV2 | WRN40-2 — WRN16-2 | ResNet56 — ResNet20

Method
| mAP  OF1 CFl | mAP OFl  CFl | mAP OFl CFl | mAP OFl CFl
Teacher | 74.08 75.05 7220 | 79.44 79.04 7598 | 7542 77.11 74.68 | 72.18 7426 68.09
Student | 71.85 73.68 6840 | 7258 73.13  70.15 | 73.19 7568 72.17 | 6925 7145 66.28
RKD 7248 7348 6748 | 7200 7327 7049 | 73.18 7562 7215 | 69.48 7198 67.18
PKT 7145 73.08 6843 | 7312 73.18 7048 | 7389 76.14 7289 | 70.15 7216 66.40
Review KD | 7249 7332 69.18 | 73.15 73.89  70.14 | 7401 76.08 72.69 | 70.45 72.68 67.34
MSE 7200 7390 6887 | 72.14 73.64 71.00 | 7422 76.15 73.05 | 69.40 7244 67.48
PS 7143 7298 6878 | 7245 7381 7078 | 73.04 7565 7348 | 69.77 71.18 66.34
L2D 7105 7398 68.18 | 7266 7322 7134 | 7298 76.89 72.03 | 7145 73.09 67.54
MDKD | 73.98 74.89 71.80 | 7407 75.13 7266 | 7534 7720 73.89 | 73.37 7408 6829
MLD 7492 7575 7121|7279 7388 7091 | 7332 7574 7372 | 7028 7246 67.29
3D (Ours) | 74.34 7527 7198 | 7498 7582 7359 | 76.12 7799 7492 | 7437 75.66 69.55
Table B.2. Additional Multi-Label image classification KD performance on PASCAL-VOC [6].
Method | ResNet50 — RepVGGAO | SwinT — ResNetl8 | ResNet50 —MBV2 | SwinT — MBV2
etho
| mAP  OFI CFl | mAP OF1 CFl | mAP OF1 CFl | mAP OFl CFl
Teacher | 86.73 84.92  81.21 | 9143 89.81 87.63 | 86.73 84.92 81.21 | 9143 89.81 87.63
Student | 83.79 8336  79.83 | 84.01 83.60 79.42 | 86.12 8501 8176 | 86.12 85.01 81.76
RKD 8426 8429 8070 | 8327 83.05 7955|8622 84.97 81.76 | 85.68 8531 81.57
PKT 8393 8379  80.03 | 8345 8325 79.64 | 86.10 84.84 81.66 | 85.67 8522 81.68
Review KD | 84.07 83.62  80.34 | 83.37 83.08 78.93 | 8587 8504 81.73 | 8569 85.10 81.56
MSE 8401 8405 80.52 | 83.60 83.06 79.46 | 8620 84.94 81.84 | 8580 8551 81.98
PS 8480 8446  81.13 | 8397 8375 79.86 | 8626 8547 82.06 | 86.07 8573 82.39
L2D 8626 8585  82.55 | 8587 8567 8217 | 87.32 8648 83.26 | 87.37 86.88 83.68
MDKD | 86.56 85.10 8146 | 8599 8571 8211 | 8749 8649 8327|8729 8671 83.55
MLD 8507 8491  81.55 | 8461 8426 80.78 | 86.38 85.67 82.43 | 86.11 8598 8255
3D (Ours) | 87.27 86.23  82.65 | 86.53 8598 82.62 | 87.92 86.78 83.59 | 87.78 87.12 84.16

Table B.3. Results of reversed distillation on MS-COCO [11]. The
teacher-student KD pair is ResNet34-ResNet101.

C. Additional Discussions

Method mAP  OF1 CFl1
Teacher 70.19 7230 66.50
Student 73.98 75.01 70.12
RKD 74.03 74.96 70.01
PKT 7395 7494 69.98
Review KD | 74.02 7496 70.07
MSE 7421  75.12 70.18
PS 7470  75.78 71.08
L2D 7551 7625 71.75
MDKD 76.61 7698 72.03
MLD 74.64 7578 71.10
3D (Ours) | 77.48 77.63 72.42

C.1. Explanation on Assumption 3.1

Assumption 3.1 stated that the teacher could elicit high-
confidence and correct predictions for the negative labels.
Here, we show the empirical evidence. Tab. C.4 summa-
rizes the pre-trained teacher’s predictions. As summarized,
the teacher model could elicit high-confidence and correct
predictions, per label, for almost all training samples, veri-
fying that the Assumption 3.1 is rational and legitimate.

C.2. Details on Loss £xypp Reformulation

Here, we give the detailed derivation of the Lnxpp reformu-
lation (i.e., Eq. (15)) in Sec. 3.3, and the notations are the
same in Sec. 3.3 of the manuscript. First, given two vectors
u e RN and v € RN | we have:

| X
lvse(u,v) = N Z(uz —v;)? (D
i=1



Table C.4. The predictive scores, per label, generated from a well-
trained teacher (ResNet101) model. All the metrics are calculated
and averaged on the training split, which is the one used for distil-
lation. P. and N. stand for positive and negative, respectively.

Data ‘ MS-COCO PASCAL-VOC NUS-WIDE
Accuracy 98.67 96.27 98.90
P. Score 0.75 0.71 0.69
N. Score 0.01 0.03 0.01

Moving forward and supposing N = |N1 NN5|, Lypp can
be computed as:

1
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