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Approach
Error Rate (%) NFR Rel. NFR

#params
φold φnew (%) (%)

No Treatment 35.34 23.81 3.56 23.14 25M
Naive 35.69 23.30 3.12 20.82 25M
FD-KD 35.69 28.56 2.34 12.74 25M
FD-LM 35.69 27.90 2.44 13.58 25M

Ensemble 31.94 21.98 2.71 18.13 100M

Table 1: Change in architecture + increase in #samples

1. Two Changes in Model Updates
Model updates can have two or more changes together.

Here we present preliminary results on model updates with
both (a) change in model architecture, and (b) increase in
training samples. We train a Resnet-18 [1] model on 50% of
the classes of the ILSVRC12 training dataset [2] for the old
model. For the new model, we train a Resnet-50 [1] on the
entire training set. The results are shown in Table 1. Though
the accuracy of the models improve by ∼12%, 3.56% of the
samples undergo negative flips. The different approaches
of PC training behave consistently with the pattern we had
observed for the different settings in the main paper.

2. The Special Case of Fine-Tuning
In model updates only involving data changes but not

any architecture change, there is a special case that we can
build the new model by finetuning the old model on the new
training data. We analyze this special case and compare our
PC training approaches in it. We use the same setting as in
Sec. 5.3 of the main paper. The results of both scenarios
of data changes are summarized in Table 2. The odd rows
denote the normal cases where train the new model from
scratch. The even rows (in gray) denotes the special cases of
initializing the new model with the weights of the old model.
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Figure 1: Relative NFRs and error rates of the new model
on both the training and the validataion sets. The new model
is trained with focal distillation. We plot the error rates and
NFRs after every training epoch to visualize the evolution of
the values during training.

We observe even though the new models started with the
weights of the old models, they still suffers from negative
flips. Applying our PC training approaches help reduce NFR
in these special cases similar to that for the normal new
models.



Approach Fine-tuning
Increase in #samples Increase in classes

#paramsError Rate (%) NFR Rel. NFR Error Rate (%) NFR Rel. NFR
φold φnew (%) (%) φold φnew (%) (%)

No Treatment
7 28.58 23.65 3.98 19.47 19.30 23.65 8.05 41.90 25M
3 28.58 24.92 3.28 18.42 19.30 25.31 7.96 38.97 25M

Naive
7 28.45 24.46 3.27 18.68 19.28 23.74 7.70 40.20 25M
3 28.45 24.50 2.78 15.85 19.28 23.69 7.14 37.33 25M

FD-KD
7 28.45 25.20 2.89 15.84 19.28 24.14 7.07 36.29 25M
3 28.45 25.27 2.42 13.38 19.28 24.36 6.94 35.29 25M

FD-LM
7 28.45 24.77 2.85 16.09 19.28 25.11 7.37 36.35 25M
3 28.45 24.91 2.39 13.41 19.28 25.05 7.17 35.46 25M

Ensemble
7 26.39 22.09 2.75 16.88 17.53 21.98 6.72 37.06 100M
3 26.39 22.81 2.18 12.98 17.53 23.20 6.70 35.02 100M

Table 2: The special case of finetuning the old model to obtain the new model when there is only data change. This setting
does not apply to model updates where the model architecture is changed.

3. Training Set Negative Flips
By definition, we assess the sample-wise regression prob-

lem on the testing samples. It is worth to note that there
are also negative flips in the training samples. In Fig. 1 we
present the evolution of NFRs and error rates during training
of the new model on both the training and the validation sets
of ILSVRC12 [2]. The new model is PC trained with focal
distillation. Interestingly, the NFR on the training is even
higher than that on the validation set.
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