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Abstract—In this project, we reproduce the work introduced
in the paper Distributed Distillation for On-Device Learning
[1] as part of the 2020 NeurIPS Reproducibility Challenge.
In this paper, Ilai Bistritz et. al [1] introduce a distributed
distillation algorithm where devices communicate and learn
from soft-decision outputs that are inherently architecture-
agnostic and scale only with the number of classes. This
algorithm provides performance improvement while requiring
only a little communication overhead compared to traditional
distributed training. During the reproducing experiments, we
mainly focus on the following topics: 1) if the baselines chosen
in this paper are appropriate and state-of-the-art. 2) if the
performance improvement and communication reduction are
as good as described in this paper. 3) if this training algorithm is
compatible with different network compression strategies. We
also find plausible typos or problems in this paper, which would
also be discussed. Overall, we think Distributed Distillation is
a good training strategy with reliability and compatibility.

I. INTRODUCTION

In recent years, there’s an increasing need to transfer users’
data to the central server for training, which entails massive
communication overhead and privacy issues. On the other
hand, one device alone does not have enough data to achieve
state-of-the-art performance. Hence it’s crucial to employ
on-device learning to keep both the data and the training
on the device by coordinating collaborative training across
devices. However, the traditional on-device learning, like
Federated Learning [2], [3]], [4] and distributed SGD based
DNN [5], [6] can only process devices that have the same
model architecture, and the communication overhead is large.
While Co-distillation methods [7] overcome these problems,
they don’t have the communication constraints or privacy
restrictions of the on-device setting [8], [9].

To this end, the studied article introduced a new train-
ing algorithm called Distributed Distillation(D-Distillation),
incorporating devices with different DNN architectures or
even other types of classifiers. At the same time, this algo-
rithm reduces the communication overhead while achieving
comparable accuracy compared to Distributed based SGD
training. Finally, Ilai Bistritz et. al also conduct an in-depth
mathematical proof of the algorithm’s convergence.

In section [lIl we introduced the mathematical formulation
of the problems and how to tackle the difficulties. In
section the replication of experiments and some ablations
in compression are summarized. While some outputs are
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inconsistent with those in the original article, the obtained
results provide the validity and reliability of the Distributed
Distillation Algorithm. In section we present a discussion
about the problems we meet in the reproducing process, and
we provide a rethinking about the details in the algorithm.
Finally, in section |V} we conclude the results and findings of
replication. For simplicity, we will use Silo-SGD (training
on the private dataset with no communication), D-SGD
(distributed based SGD training), and D-Dist (Distributed
Distillation) in the following.

II. PROBLEM FORMULATION

The whole problem can be formulated as a classification
task which is to learn a function that maps every input data
point to the correct class out of K options. Each device n has
access to its own private data D,, = {Z7}% of inputs with
corresponding labels (hard decisions) y(Z;) which are one-hot
vectors over the set of classes. Devices communicate through
a reference dataset that all devices have access to, denoted
D, = {xj}?zl. Each device n has a classification model
with p,, parameters, §” € RP~, which produces a probability
vector over the classes. This probability vector is also called
soft-decision, denoted s,,(6", ) : RP» x (D,, UD,) — AKX,
Then we can define the local loss function of device n as
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Let X be the unknown distribution of a labeled data point
(Z,y(x)), the goal is to minimize the total generalization
error in the network:
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To optimize (2) based on the private training samples
without sharing them between devices, the authors proposed
the following distributed training objective:
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where p > 0 is a regularization parameter and the second
term is a distillation regularization term. Solving this equation
means that the algorithm converges to the following set of
distillation stationary points:
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where D,. is the set of size () unlabeled reference data. To
design a distributed algorithm that provably converges to the
set in (@) for every strongly connected, directed communica-
tion graph, the authors then defined the communication graph
and communication matrix, whose values are the weights
devices assign to their peers to incorporate their received
information.

The communication graph is represented by a randomly
generated matrix W, ,. Let G = (v, €) be the directed
communication graph, where v = 1,..., N and device n
can send messages to device m if and only if (n,m) €,
assuming G is strongly connected. Let W = wy, ., > 0 be
the communication matrix of G such that wy , > 0 if
and only if (n,m) €, assuming W is doubly stochastic, so
SN wnm =1and 2N _ w,,, = 1 for each n, and that
Wnp,n > 0 for all n.

In order to converge to the distillation stationary point (@),
the authors proposed to solve the following problem:
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By solving (@), the devices learn a solution to (3).

Then, the studied article introduced Distributed Distillation
Algorithm (D-Dist). As for the details, We refer to Algorithm
1 in [1].

III. EXPERIMENTS AND ANALYSIS

In this section, we first describe our simulation settings
of both network training and distributed communication
networks. Then we provide the results we reproduce together
with a detailed analysis of the findings and problems we
come across during the experiments. Given limited training re-
sources, we only reproduce the D-Dist and Silo-SGD results,
and we directly take the D-SGD results from the original
paper as the baseline. All the experiments are conducted
on two NVIDIA-TITAN-X and one GTX-1060M. The main
points we want to validate is: 1) if the baselines used in

this paper are valid, reasonable and state-of-the-art. 2) if the
improvement of using the algorithm can be reproduced (both
in the test accuracy and communication reduction). 3) if the
algorithm is naturally compatible with different compression
strategies, as heterogeneous compression strategies may be
chosen among different distributed participants in practice.

A. Settings

Networks Training We employed the same networks
(LeNet5 [[10], ResNet2, ResNet8, ResNet14 [11]) and datasets
according to this paper. Also, we followed all the spec-
ifications mentioned in the appendix, such as pure SGD
optimizer, no data augmentation, and other training hyper-
parameters. Unlike the quantization used in this paper, we
test the performance when irregular weight pruning [12],
which prunes the weights with the least absolute value, is
used with different pruning ratios across the networks.

Communication backend: In each trail, we generate a
random connection matrix according to the paper to establish
peers’ connection. (We choose the minimum degree and
maximum degree of each node according to the paper.
But how the degree is sampled is not mentioned in the
original paper. Here we manually set the probability of
the degree proportional to the absolute value of the degree.
For example, if Degree,,;, = 1, Degreeq., = 3, then
we set Degree =1 with probability %, Degree =
2 with %, and Degree = 3 with %.) We use a
naive communication mechanism. Each node broadcasts a
UDP packet containing its softmax predictions on public
reference data to its directly connected peers. The receiving
function will finish only if all the message is received. As
we conduct the distributed simulation on the local server, the
network condition is stable, and no packet loss happened
during our experiments.

Table I
COMMUNICATION OVERHEAD OF 8 NETWORKS TRAINED ON EVENLY
DISTRIBUTED CIFAR10. HERE WE CALCULATE THE COMMUNICATION
OVERHEAD BY THE SIZE OF TENSORS THAT PEERS BROADCAST IN EACH
BATCH. THE SLIGHT DIFFERENCE BETWEEN OUR CALCULATION AND
THAT IN THE ORIGINAL PAPER MAY COME FROM THE DIFFERENT
TENSORS REPRESENTATIONS IN THE PACKET.

Communication Overhead between
Two Peers in 800 Epoch / MB

Network LeNet5 ResNet8  ResNetl4
D-Dist 1.129 1.129 1.129
D-SGD 4989.71 9994.34 20920.90

B. Reproduce Results

We first conduct the Silo-SGD training over MNIST [10]
and CIFARIO [13]. To our surprise, we found a huge gap
between our results with the results reported in the original
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Figure 1. Test Accuracy and Standard Deviation of a LeNet5 trained

with different amount of randomly selected images from MNIST. Each
experiment is conducted for 5 trails. The Red dashed line represents the
final accuracy in the original paper with 2250 training examples.

paper on MNIST. The private data amount used in the original
paper is 2250 images per participant. We conduct Silo-SGD
with different amounts of private data, ranging from only
20 to 2250. As indicated in Fig. [I] a participant with only
100 images can reach a higher accuracy than the baseline
in this paper (the red dashed line). On the other hand, a
participant following the original setting (with 2250 images)
can reach 95% test accuracy effortlessly (knowing that in
the original paper, training with 2250 images only leads to
around 75% test accuracy). Here we only display the first 250
epochs according to the same settings in this paper. We found
the network is fully trained, and no noticeable performance
improvement appears between 250 ~ 800 epoch. Our results
with 5 trails displayed only a little variance, so we wonder
why the baseline is critically low in this paper. (We firstly
suspect our results, but we also find resources that prove our
results. we refer readers to a report[[14] for further details
about baselines on MNIST.) This issue does not appear on
CIFAR10.

Then we conduct D-Dist according to the same settings in
Figure.2 and Figure.3 of the original paper. As indicated in
Figure.2 the D-Dist will improve the test accuracy compared
to Silo-SGD. It will bring more improvement on CIFAR10
than on MNIST. However, it does not get a non-trivial
improvement compared to D-SGD. As shown in Fig. 2]
the brown and the purple dashed lines represent the D-
SGD performance in the original paper respectively, which
is always higher than D-Dist (this is actually shown in
Figure.4 in the original paper as well, where D-SGD is
nearly 10% higher than D-Dist on 8 ResNetl4. However, it
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Figure 2. Test Accuracy and Standard Deviation of 16 LeNet5 trained

on randomly selected images from MNIST, and 8 models (4 LeNet5 and 4
ResNet8) on CIFARI10. All the training hyper-parameters follow the original
paper without further tuning. The brown dashed line and the purple dashed
line represent the D-SGD performance according to the original paper,
respectively.

is not explained by the authors). We conjecture that more
information is exchanged between models in D-SGD than
in D-Dist, thus D-SGD still outperforms D-Dist on some
occasions. Another observation not mentioned in the original
paper is that we find the variance of participants in D-Dist is
much lower than Silo-SGD. This means all the participants
benefit from others’ knowledge and get some improvement.
For communication reduction, as shown in Table[l] we reach
the same results that D-Dist is far more efficient, as the
communication only contains a batch soft predictions, it will
reduce the expense by a multiple of 4,419 on LeNet5 and
18,528 on ResNetl4. If we cannot totally satisfy the D-SGD
communication overhead, it will be a good choice to use
D-Dist to improve the performance.

As network pruning is widely deployed in practice, we try
to test if this algorithm is naturally compatible with other
pruning methods, such as irregular weight pruning [12]. We
choose this compression strategy mainly because it is efficient
to deploy and can maintain both low accuracy degradation
and high compression ratio compared to structured pruning
[15]. Here we test on 8 ResNet14 with compression different
ratios in [20%, 40%, 60%, 80%)], namely, each ratio with two
models. Here the pruning ratio means we prune the same
percentage of weights with the least L;-norm across all layers
consistently. As shown in Fig. 3] this algorithm works well
among networks with different pruning ratios. As shown by
the mean test accuracy and the standard deviation, all pruned
networks shall be improved. This validates that, except for
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Figure 3. Test Accuracy and Standard Deviation of 8 ResNet14 trained

with D-Dist or Silo-SGD on CIFAR10. All the training hyper-parameters
follow the settings in the original paper in Figure.4 without further tuning.
Obviously, D-dist lead to accuracy improvement on Silo-SGD.

quantization which is mentioned and tested in the original
paper, network pruning is also compatible to this network
compression algorithm.

In summary, The D-Dist algorithm in this paper will
improve the test performance compared to Silo-SGD, and
reduce the performance variance among the participants in
the network. And this algorithm is compatible with different
network pruning methods. However, there is a clear problem
of the baseline on MNIST in this paper, and the accuracy
degradation compared to D-SGD is not explained by the
authors, which embodies some kind of disadvantages of this

paper.
IV. DISCUSSION

While this paper provide a detailed description of the train-
ing settings in the appendix, the algorithm itself described
in this paper is somewhat ambiguous and even contradictory.
As stated in Algorithm 1 in the paper, the peers only
communicate at the beginning of each epoch, different
from D-SGD where peers communicate at the beginning of
each iteration, namely each batch. However, in the legend of
Figure.1 in the original paper, it states the communication
is conducted in each iteration (batch). This is quite
misleading because if there is no typo in Algorithm 1,
then the total communication reduction compared to D-SGD
shown in Figure.2 should be a multiple between 10° ~ 106,
much larger than what is reported in Figure.4 in the original
paper. At the beginning of the experiments, we implement
communication in an epoch manner, which lead to even
worse test performance. Intuitively, one communication per

epoch may provide outdated information for the following
batches in this epoch, leading to accuracy degradation.

Moreover, we speculate the variable Z,, (so called network
soft-decision in the original paper) in Algorithm 1, which
represents the global consensus on soft prediction is not
bounded (shown in the original paper Algorithm 1: equation
7). We think peers may reach a consensus where the
prediction on a given image for a class may exceed 1, losing
the meaning of probability and may lead the training process
in the uncontrolled direction. In our implementation, we
choose to clamp Z,, into (0,1), maintaining the original
meaning of Z,,.

In summary, the training settings is clear enough in
this paper. But it would be better if the communication
Algorithm.1 is more detailed. The ambiguity in the algorithm
degrades the reproducibility of the paper.

V. CONCLUSION

We reproduced the experiments in the paper [1] with
some study of the baselines and other network compression
methods. In general, the results are easy to reproduce given
the hyper-parameters in the supplementary materials, even
though there are some ambiguous descriptions about the
algorithm itself. From the above experiments, we validate that
1) Although there is some problem in the MNIST baseline,
Distributed Distillation can still improve the test performance
compared to Silo-SGD. And all our experiments indicate that
D-Dist cannot outperform D-SGD. 2) Distributed Distillation
Algorithm does reduce the communication overhead signifi-
cantly while achieving comparable accuracy and allows for
devices with different classifier architectures to participate
in the distributed training. 3) Distributed Distillation is
compatible with different model compression algorithms,
such as quantization and network pruning. In this project,
we have also learned about the strict mathematical proofs
and the implementation of a practical distributed machine
learning algorithm.

There is also some weakness in our work. Given that D-
SGD is highly time-consuming with limited resources, we
cannot run the D-SGD baselines on ourselves. Thus it is
hard to say that D-Dist is worse than D-SGD as shown in
our experiment or that D-Dist is better than D-SGD. But
we think it is enough for D-Dist to provide performance
improvement compared to Silo-SGD, as the communication
overhead compared to D-SGD is negligible.
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