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tf.keras.layers.Flatten(),
tf.keras.layers.Dense(128, activation=’relu’),
tf.keras.layers.Dense(128, activation=’relu’),
tf.keras.layers.Dense(10, activation=’softmax’)

Figure 1: Network A used by Mohassel and Zhang [2017]

tf.keras.layers.Conv2D(16, 5, 1, ’same’, activation=’relu’),
tf.keras.layers.MaxPooling2D(2),
tf.keras.layers.Conv2D(16, 5, 1, ’same’, activation=’relu’),
tf.keras.layers.MaxPooling2D(2),
tf.keras.layers.Flatten(),
tf.keras.layers.Dense(100, activation=’relu’),
tf.keras.layers.Dense(10, activation=’softmax’)

Figure 2: Network B used by Liu et al. [2017]

tf.keras.layers.Conv2D(20, 5, 1, ’valid’, activation=’relu’),
tf.keras.layers.MaxPooling2D(2),
tf.keras.layers.Conv2D(50, 5, 1, ’valid’, activation=’relu’),
tf.keras.layers.MaxPooling2D(2),
tf.keras.layers.Flatten(),
tf.keras.layers.Dense(100, activation=’relu’),
tf.keras.layers.Dense(10, activation=’softmax’)

Figure 3: Network C used by LeCun et al. [1998]

tf.keras.layers.Conv2D(5, 5, 2, ’same’, activation=’relu’),
tf.keras.layers.Flatten(),
tf.keras.layers.Dense(100, activation=’relu’),
tf.keras.layers.Dense(10, activation=’softmax’)

Figure 4: Network D used by Riazi et al. [2018]

B Communication
Table 1 shows the communication of our implementation in comparison to previous works. As Tan et al.
[2021], we note that the implementation of Wagh et al. [2021] does not compute an appropriate gradient in
the back-propagation, which limits the comparison.

C Fashion MNIST
We have run our implementation on Fashion MNIST for a more complete picture. Figure 5 shows our results.
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Table 1: Comparison to previous work. Accuracy N/A means that the accuracy figures were not given or
computed in a way that does not reflect the secure computation.

Network Comm. per epoch (GB) Acc. (# epochs) Precision (f)

A
Wagh et al. [2021] 3 N/A 13
Ours 26 97.9% (15) 16
Ours 55 97.7% (15) 32

B
Wagh et al. [2021] 108 N/A 13
Ours 20 93.6% (15) 16
Ours 41 94.7% (15) 32

C

Wagh et al. [2021] 162 N/A 13
Tan et al. [2021] 534 94.0% (5) 20
Ours 352 94.9% (5) 16
Ours 711 93.8% (5) 32

D
Wagh et al. [2021] 11 N/A 13
Ours 41 96.8% (15) 16
Ours 86 96.8% (15) 32

D Hyperparameter Settings
In the following we discuss our choice of hyperparameters.

Number of epochs As we found convergence after 100 epochs, we have run most of our benchmarks for
150 epochs, except for the comparison of optimizers where we stopped at 100.

Early stop We have not used early stop.

Mini-batch size We have used 128 throughout as it is a standard size. We briefly trialed 1024 as suggested
by Li et al. [2017], but did not found any improvement.

Learning rate We have tried a number of learning rates as documented in the main paper. As a result, we
settled for 0.01 for SGD in further benchmarks.

Learning rate decay/schedule We have not used either.

Random initialization The platform uses independent random initialization by design.

Dropout We have experimented with Dropout but not found any improvement.

Input preprocessing We have normalized the inputs to [0, 1].

Test/training split We have used the usual MNIST split.

E Update Normalization
Agrawal et al. [2019] have suggested to normalize update gradients with AMSgrad (line 7 in Algorithm 4).
However, Figure 6 shows that this does not improve the performance compared to SGD.
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Figure 5: Network C with Fashion MNIST when running SGD with rate 0.01.
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Figure 6: Loss and accuracy for network C, f = 32, and probabilistic truncation.
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