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(a) Results based on incorrect samples for “leopard” (b) Results based on correct samples for “television”

(c) Results based on correct samples for “dinosaur” (d) Results based on single incorrect sample for “dinosaur”

Figure 1. Prediction results for different classes on the CIFAR-100 validation set. The model for calculation is ResNet110. Bold colored
classes in (d) denote that they are among the top 10 classes most similar to either “leopard” (as inferred from (a)) or “television” (as inferred
from (b)), yet they do not appear in the top 10 classes most similar to “dinosaur” (as inferred from (c)).

A. Class Correlation

We present results from a pilot experiment, affirming that
scenarios similar to the one depicted in the paper’s Figure
1 do indeed exist. We choose samples specifically from
3 classes in CIFAR-100: leopard, television, and dinosaur.
Utilizing a well-trained model, we obtain the top 10 output
logits. The corresponding results are displayed in Figure 1.

Figure 1(a), (b), and (c) illustrate that the model’s class
correlations align with our understanding, regardless of
whether the prediction is correct or not. For instance, leop-
ard exhibits higher similarity to tiger, while television re-
sembles clock more closely. Across all samples, if the label
is “leopard”, the model does not improve prediction con-
fidence or accuracy by decreasing the logit values of the
label’s actually similar classes (such as “tiger”).

Figure 1(d) reveals that even in the output logits of a sin-
gle sample, this inter-class relationship is well-maintained.
For the sample labeled “dinosaur”, the top 3 predictions
contain “leopard” and “television”. Consequently, within
its top 10 predicted classes, the proportion of classes simi-

lar to “leopard” or “television” is significantly high, while
classes resembling “dinosaur” are rare. In this case, simply
correcting the true class (e.g., using augment or swap oper-
ations [1, 2, 7]) can result in significant deviations from the
overall class correlations shown in Figure 1(c), which could
negatively impact the distillation performance.

B. Training Efficiency
Figure 2 presents the training time, accuracy, and extra pa-
rameters of various methods. Notably, feature distillation
methods (FitNet, OFD, ReviewKD, and CRD) yield a sub-
stantial performance enhancement compared to KD, albeit
at the cost of a significant increase in training time and extra
parameters. In contrast, our RLD method, maintaining the
same training time as KD and introducing no extra parame-
ters, delivers superior performance.

C. Implementation Details
We follow the conventional experimental settings of previ-
ous works [4, 6, 8] and use Pytorch [3] for our experiments.
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Figure 2. Batch training time (ms) vs. top-1 validation accuracy
(%) on the CIFAR-100 dataset. The teacher is ResNet32×4, and
the student is ResNet8×4. Larger circle denotes more extra pa-
rameters.

C.1. CIFAR-100
When training on CIFAR-100, the batch size, number of
epochs, weight decay, and momentum are set to 64, 240, 5e-
4, and 0.9, respectively. The initial learning rates are 0.01
for ShuffleNet and MobileNet, and 0.05 for other model ar-
chitectures. The learning rate is divided by 10 at 150, 180
and 210 epochs. The optimizer is SGD [5]. The training
data is augmented using RandomCrop and RandomHori-
zontalFlip operators.

For the hyper-parameters involved in RLD, we follow
DKD [8] and LSKD [4] to set different values for differ-
ent distillation pairs. We always set α to 1, and determine
the optimal β and τ using grid search from the range of
{2, 4, 8, 16} and {2, 3, 4, 5}, respectively.

Our experiments are carried out on the server equipped
with NVIDIA GeForce RTX 2080 Ti GPUs. Each GPU has
11 GB of memory. Only one GPU is used per experiment.
The server’s operating system is Ubuntu 18.04 LTS.

C.2. ImageNet
When training on ImageNet, the batch size, number of
epochs, weight decay, and momentum are set to 512, 100,
1e-4, and 0.9, respectively. The initial learning rate is 0.2
and is divided by 10 every 30 epochs. The optimizer is
SGD [5]. The training data is augmented using Random-
ResizedCrop and RandomHorizontalFlip operators.

For the hyper-parameters involved in RLD, we follow
DKD [8] and LSKD [4] to set different values for differ-
ent distillation pairs. We always set α to 1, and determine
the optimal β and τ using grid search from the range of
{0.5, 1, 2, 3} and {1, 2}, respectively.

Our experiments are carried out on the server equipped

with NVIDIA A800 Tensor Core GPUs. Each GPU has 80
GB of memory. Only one GPU is used per experiment. The
server’s operating system is Ubuntu 18.04 LTS.
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