POLITECNICO DI TORINO
Repository ISTITUZIONALE

Data-Driven and Privacy-Preserving Cooperation in Decentralized Learning

Original

Data-Driven and Privacy-Preserving Cooperation in Decentralized Learning / Malandrino, Francesco; BARROSO
FERNANDEZ, Carlos; Bernardos Cano, Carlos J.; Chiasserini, Carla Fabiana; De La Oliva, Antonio; Onsori, Mahyar. -
ELETTRONICO. - (2024). ( IEEE LCN 2024 Caen (Fra) 8-10 October 2024) [10.1109/LCN60385.2024.10639653].

Availability:
This version is available at: 11583/2991927 since: 2024-12-17T10:28:27Z

Publisher:
IEEE

Published
DOI:10.1109/LCN60385.2024.10639653

Terms of use:

This article is made available under terms and conditions as specified in the corresponding bibliographic description in
the repository

Publisher copyright
IEEE postprint/Author's Accepted Manuscript

©2024 IEEE. Personal use of this material is permitted. Permission from IEEE must be obtained for all other uses, in any
current or future media, including reprinting/republishing this material for advertising or promotional purposes, creating
new collecting works, for resale or lists, or reuse of any copyrighted component of this work in other works.

(Article begins on next page)

10 May 2026



Data-Driven and Privacy-Preserving
Cooperation in Decentralized Learning

Francesco Malandrino
CNR-IEIIT and CNIT

Carla Fabiana Chiasserini
Politecnico di Torino, CNR-IEIIT,
Chalmers University of Technology

Abstract—Decentralized learning scenarios offer the opportu-
nity of a flexible cooperation between learning nodes; in other
words, each node may cooperate with an arbitrary subset of
its peers. In such scenarios, we tackle the problem of choosing
the nodes that cooperate towards the training of a machine
learning model, hence, tweaking the cooperation graph connecting
the nodes themselves. We propose and evaluate a data-driven
approach to the problem, by proposing three metrics to choose
the edges to activate in the cooperation graph, and an efficient
iterative algorithm exploiting them. Through our performance
evaluation, which leverages state-of-the-art datasets and neural
network architectures, we find that privacy-preserving metrics
accounting for the difference between local datasets are very
effective in identifying the best edges to activate to improve the
efficiency of model training without hurting performance.

I. INTRODUCTION

The capabilities of machine learning (ML) models keep
growing at a very fast pace and have became highly beneficial
and faintly alarming at the same time. In particular, a relevant
aspect is the training of such models, which requires ever-
increasing amounts of data and computational resources, e.g.,
CPU and GPU cores. As a consequence, the training of large-
scale ML models may take advantage of multiple learning
nodes, sharing both their resources and their local datasets.
The cooperation between nodes typically follows one of two
main paradigms, namely, distributed learning or decentralized
learning.

In distributed learning, all nodes train one model, each
using its local data, and nodes are assisted by a coordinator
(ak.a. aggregator). At each iteration, each node sends its
local model to the aggregator, which combines them (e.g., by
averaging) and sends the global model it obtains back to the
learning nodes. Federated learning [1] and variants thereof [2],
[3] all follow such distributed training paradigm. Conversely,
decentralized learning [4], [5], exemplified in Fig. 1, adopts
altogether different cooperation and communication strategies.
There is no centralized coordinator, rather nodes directly
communicate with each other. Furthermore, nodes only ex-
change the gradients for the model that is trained, and, most
importantly, the cooperation between nodes is flexible, i.e.,
nodes are not required to exchange such gradients with all
other nodes. Instead, nodes are free to decide the neighbors
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Fig. 1. A decentralized learning scenario and conceptual representation of
the proposed solution. Four learning nodes with heterogeneous capabilities
and information have the option of cooperating to perform a DNN training
task. Cooperation takes the form of exchanging gradients; nodes that can
communicate are connected by solid, red edges, which may (thick edges) or
may not (thin ones) be used for exchanging gradients (i.e., be active). In the
scenario we envision, nodes are assisted by an orchestrator: nodes send to
the orchestrator information about their dataset (e.g., distance metrics) and
the orchestrator determines the most cost-effective cooperation graph. It then
sends back to the nodes indications on which of their neighbors they should
cooperate with. Such communication is represented by green, dashed edges
in the figure.

to cooperate with, building a cooperation graph like that
formed by the red edges in Fig. 1. Thanks to its higher
flexibility and the fact that it does not require a coordinator
of the training process, decentralized learning is best suited to
fully distributed, heterogeneous scenarios, where a coordinator
cannot be easily identified (or, it is not convenient to do so)
and nodes deemed to cooperate have different capabilities.
As also discussed in Section II, choosing the pairs of nodes
that cooperate, i.e., deciding the cooperation graph, is critical
for the overall learning performance. Accordingly, we envision
that learning nodes are assisted by a learning orchestrator
(depicted as the brain in Fig. 1). Importantly, as per the
decentralized learning paradigm, learning nodes do not send
models to the orchestrator; rather, they share the information
needed to identify the most appropriate edges to add to the



cooperation graph. The orchestrator combines such informa-
tion, determines the best cooperation graph, and sends it to
the learning nodes, as shown by the green lines in Fig. 1.
In general, the orchestrator will seek to minimize the cost
of the overall learning process, subject to learning quality
(e.g., accuracy) constraints: adding more edges will, in general,
improve the learning quality [4], [5], while also increasing the
incurred cost [4].

In this work, we tackle the problem that the orchestrator
needs to solve to optimally select the edges of the cooperation
graph, accounting for two complementary viewpoints: (i) how
to make the decisions, and (ii) which information to use to
make such decisions. Concerning the former, we devise an
efficient, iterative algorithm yielding provably near-optimal
solutions. For the latter, we propose and evaluate three differ-
ent metrics to assess how useful each edge can be, featuring
different trade-offs between the decision quality and the extent
to which they preserve the privacy of local datasets.

The remainder of this paper is organized as follows. We
begin from a motivating example in Section II, showing how
significant the impact of the cooperation graph on the learning
quality is. Then, in SectionIII we present our system model
and an optimization formulation of the problem solved by the
orchestrator. In view of the problem complexity, we present
our solution concept, called PickEdge, in SectionIV, and
evaluate its performance in Section V. After discussing related
work in Section VI, we conclude the paper in Section VIIL.

II. MOTIVATING EXAMPLES: EDGES MATTER

Our PickEdge approach envisions adding a new entity to the
traditional decentralized learning scenario — the orchestrator in
Fig. 1 —, providing it with information, and having it make
some fairly complex decisions about learning organization.
This is of course worthwhile if good decisions about the
cooperation graph can be made that significantly improve
the learning quality. Importantly, the orchestrator does not
aggregate models trained locally and has no part in the
training process, i.e., the training procedure still fully meets
the principles of decentralized learning.

As a motivating example, let us consider a simple decen-
tralized learning scenario, based upon widely-used, publicly-
available datasets and DNN architectures. Specifically, we
consider nine learning nodes that have to perform an activity
classification task over the HAR dataset [6] using the feed-
forward DNN from [7]. Each node has a local dataset whose
size varies between 400 and 600 samples. Furthermore, the
number of samples of each class in each local dataset are
assigned randomly, which results in a non-uniform data dis-
tribution.

In this scenario, we consider a total of 9,450 different
cooperation graphs, and track, for each of them, (i) the number
of edges therein and (ii) the accuracy it yields. The results are
summarized in Fig. 2, where each marker corresponds to a
cooperation graph, and the marker’s locations along the x-
and y-axes correspond (respectively) to the number of edges
in the graph and the resulting accuracy. Moreover, the purple
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Fig. 2. Why the cooperation graph matters. We consider an activity classifi-
cation task based upon [6] and over 9,000 cooperation graphs. Markers in the
plot correspond to cooperation graphs, and their locations along the x- and
y-axes correspond (respectively) to the number of edges in the graph and the
resulting accuracy. The purple area encloses the 10th and 90th percentiles of
accuracy.

area in the plot corresponds to the values between the 10th
and 90th percentiles of accuracy.

A first observation we can make from the plot is that, as
expected, more cooperation (hence, more edges) almost always
results in better performance. It is more interesting to remark
what happens for less connected cooperation graphs, e.g., with
around 40 edges. In these cases, the resulting accuracy can be
as low as 10% - the same as randomly guessing — but also
as high as 90%, matching that yielded by cooperation graphs
with twice the number of edges. Achieving one accuracy value
or the other solely depends upon the quality of our decisions
about the cooperation graph.

An alternative way of seeing the high-level purpose of our
work and the PickEdge framework is looking at the purple
area, corresponding to the solution space we can explore.
Moving left results in cheaper solutions; moving down results
in lower-quality ones. PickEdge aims at moving as much as
possible towards the left, while avoiding going down; ideally,
we would move across the top edge of the purple area. Notice
how the edge of such purple area is relatively straight, i.e.,
there are solutions that are both cheap and effective, hence, it
is worthwhile looking for them.

III. SYSTEM MODEL AND PROBLEM FORMULATION

The main element of our system model, exemplified in
Fig. 3, is the set of learning nodes N'={n}, representing the
nodes that can participate in the learning process. We further
know a set of edges E={(n1, n2) } CN2, representing the pairs
of nodes that could cooperate with each other. For each edge,
we are given a per-epoch cost ¢(n,ny) representing, e.g., the
energy consumed if nodes n; and ny cooperate.

Our main decision is whether to activate each edge, ex-
pressed through binary variables y(nq,n2)€{0,1}. Addition-
ally, we have to decide the number K of epochs to run. Given
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Fig. 3. An example scenario with four nodes in N (represented by circles)
and four edges in £ (represented by lines). To each node corresponds a
local dataset X, represented by a cylinder. The style of lines denotes
whether or not the corresponding edge is active; as an example, y(n1, n3)=1,
y(ns3, na)=0, while (n1,n2)¢E.

the vector y of all y-variables and K, the achieved loss is
given by ¢(K,y); we impose that such a loss value must be
equal to or smaller than a target value ¢™2*.

Our high-level goal is to minimize the total training cost,
subject to the fact that the loss target is met:

%1;1 K Z y(n1,nz)e(ny, n), (D
(n1,n2)€E
s.t. U(K,y) < 0m, ()

There are, however, two main issues with the problem as it
is stated above. Firstly, there is no closed-form expression for
the loss ¢(K,y), and even estimating the impact of decisions
over the loss is not straightforward. Secondly, the problem
as a whole is NP-hard; specifically, it is an integer non-
linear programming problem, or INLP, where the non-linearity
comes from the definition of ¢(K,y). It follows that it is
impractical to solve it directly through, e.g., a solver. We deal
with both issues by proposing:
« three possible metrics to estimate the value of activating
a given edge;
e an iterative algorithm, based on hill-climbing, which
makes near-optimal decisions.

IV. THE PICKEDGE SOLUTION

Our solution concept, called PickEdge, features two main
components. First, we replace the loss ¢(K,y) with an esti-
mate of the value of enabling each edge, as detailed in Sec-
tionIV-A. Then, we use such value estimates in our iterative
algorithm, which is presented in SectionIV-B, prove that it
makes near-optimal decisions.

A. Assigning values to edges

Given an inactive edge (ni,n2)€E (i.e., such that
y(ni,n2)=0), the current values of the y-variables
y€{0,1}1¢]) and the number K of epochs to run, the
value v(nq, ne, K,y) associated with edge (n1,n2) is defined
as the loss improvement (i.e., decrease) achieved by enabling
the edge itself, i.e.,

v(n17n27KaY):E(Kay)_e(K7yl)7 (3)

where y’ is a copy of y, with the value corresponding
to (n1,n2) set to 1. Here, we consider that, enabling additional
edges does not hurt performance, hence, v(ni,ns, K,y) is
always non-negative.

Exact edge values are impractical to compute, given the
stochastic nature of the DNN training process. Furthermore,
having those values depending on both the number K of
epochs to run and the currently-selected edges y is very
cumbersome, and significantly adds to the problem complexity.
Accordingly, in the following we present three metrics to
assess edge values, leveraging different types of information.

The spectral metric v, (n1,n2,y). The spectral gap v(y)
of a graph is the difference between the moduli of the
two largest eigenvalues of its incidence matrix. It has been
observed in the literature [5, Eq. (5)] that such a quantity
has an influence on the learning quality; specifically, a lower
spectral gap results in a higher loss. Furthermore, adding an
edge to a graph increases the spectral gap!. Accordingly, the
spectral metric v, (n1,n9,y) assigns to each edge (n1,n2) a
value corresponding to how much enabling that edge increases
the spectral gap, i.e.,

Uy(n1,n2,y) = (") —(y). 4)

The spectral metric is the easiest to compute, as it requires
no information whatsoever about the nodes or their datasets.
On the negative side, not accounting for such information may
lead to sub-optimal performance.

The dataset distance metric vp(ni,n2,y) It has been
observed in the literature [8] that including nodes with overly-
different local dataset can hurt the overall learning perfor-
mance. Accordingly, calling X,, the local dataset of node n,
the data distance estimate of the value of edge (n1,n2) is the
opposite of the distance between their datasets:

5D(nl7n2) = *Han - Xng”- (5)

Notice how, unlike (4), the definition in (5) does not depend
upon the current decisions y. It follows that the dataset
distance metric can be computed offline, and does not change
as decisions evolve.

The V-distance metric vy(n1,n2,y) A major disadvantage
of the data distance metric (5) is that it requires to share
the local datasets X,. This is problematic for two main
reasons: it creates additional overhead, and it may jeopardize
privacy. To avoid such issues, we decompose the local datasets
using singular value decomposition (SVD) decomposition, and
represent them as:

where Y, is a diagonal matrix, and the matrices V,, and U,
can be interpreted, respectively, as a description of the dataset
as a whole (akin to a base) and a representation of the indi-
vidual samples therein. Accordingly, the distance (5) between
the datasets can be well approximated through the distance

LA fully-connected topology is associated with a spectral gap of 1; all other
topologies have gap values between O and 1.
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Fig. 4. Accuracy achieved when different metrics are employed by PickEdge,
as a function of the number of edges selected to be included in the cooperation

graph.

Algorithm 1 The PickEdge algorithm
Require: K, (™

1: for all (ny,ns) € € do

2: y(ni,n2) <0

3: while /(K ,y) > ¢™** Aminy = 0 do

. * v(ni,n2, K,y)
4: (n},n3) <= argmax (n, n,)ee o 2)
: y(ni,n2)=0

5: y(n{a 77,5) 1
return y

between the corresponding V-matrices, giving the following
metric:

5V(nlanQ) = _”an - VnQH (7)

Importantly, V-matrices are much smaller than the original
datasets (i.e., the X -matrices), and can be exchanged between
nodes with negligible overhead and without jeopardizing pri-
vacy.

B. The PickEdge algorithm

The PickEdge algorithm, summarized in Alg. 1, follows
a straightforward greedy approach. We start with no edges
enabled (Line 2); then, until the learning quality is attained
(Line 3), we choose a new edge to activate. Specifically, we
identify the inactive edge that maximizes the ratio between its
value — however estimated, as per Section IV-A — and the cost
(Line 4), and set the corresponding y-variable to 1 (Line 5).
Notice that, for ease of presentation, Alg. 1 assumes K to be
given; if that is not the case, multiple instances of the algorithm
could be ran with different values of K.

In spite of its simplicity, Alg. 1 has two interesting proper-
ties. First, its worst-case computational complexity is polyno-
mial — indeed, linear in the number of edges in £. Second, for
all the definitions of edge value presented in SectionIV-A, it
yields a performance (i.e., the total cost in (1)), that is within
a constant factor from the optimum.

More formally, we can prove that:

Property 1. The worst-case computational complexity of the
PickEdge algorithm (in Alg. 1) is linear in the number of edges
€]

Proof: The proof comes from inspection of Alg. 1 where
the only loop starts in Line 3. Every time the loop runs one
value of y is set to 1, and when all of its values are set to 1,
the check in Line 3 cannot succeed. Since the length of y
is |£], this is also the maximum number of times the loop
can run, hence, it represents the worst-case complexity of the
algorithm as a whole. u

Concerning the competitive ratio, the following holds:

Property 2. For all of the metrics value definitions presented
in Section IV-A, the the PickEdge algorithm (in Alg. 1) has a
constant competitive ratio of 1—%.

Proof: The proof comes from [9, Theorem 4.7], showing
that greedy algorithms in the form of Alg. 1 have a competitive
ratio of 1—%, if the value function is submodular.

Concerning the three functions defined in SectionIV-A,
(5) and (7) are linear (i.e., do not depend upon current
decisions y), hence, they are also submodular. As for (4),
we leverage the experiments in [10], [11], showing that the
increase in the spectral gap achieved by adding one edge
decreases with the spectral gap itself — the very definition of
submodularity. [ ]

It is however important to remark that the performance of
Alg. 1 can only be as good as the value estimates provided to
it. In other words, if the estimates are wrong, then so will the
decisions returned by the algorithm.

V. PERFORMANCE EVALUATION

For our performance evaluation, we consider the same
reference scenario as in Section II, with nine nodes performing
a decentralized learning task. The first aspect we are interested
in is the performance achieved by PickEdge when different
metrics are used, quantified through the classification accuracy.

The results are summarized in Fig. 4. As one might expect,
a larger number of edges (hence, more cooperation) is always
associated with a better accuracy. Indeed, as also shown in [5],
cooperation always improves accuracy — unless very specific
distributions of data and computation times are considered.
It is more interesting to observe the difference between the
metrics presented in SectionIV-A: the spectral metric (4)
yields the lowest accuracy, with dataset distance (5) and V-
distance (7) providing higher, and very similar, performance.

The reason for the relatively poor performance of the
spectral metric can be seen from (4) itself. This metric does
not account for anything other than the topology of the
cooperation graph, hence, employing that metric may result
in not exploiting properly nodes with more, and/or more
useful, data. As far as the dataset distance (5) is concerned,
it consistently yields the best performance — which is linked
to the fact that the dataset distance metric captures the most



Fig. 5. Cooperation graphs yielded by PickEdge when the target number of edges is 18 and the used metric is spectral (left), dataset distance (center),

V-distance (right).

Fig. 6. 18-edge cooperation graphs: edges activated under both the dataset
distance and V-distance metrics (green); under dataset distance only (red);
and, under V-distance only (blue).
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Fig. 7. Correlation between dataset distance and V-distance: each marker
represents a pair of datasets. The marker’s position along the x- and y-axes
are equal, respectively, to the dataset distance and V-distance between the
corresponding datasets.

information about local datasets and their features. Remark-
ably, the V-distance metric (7) results in a performance that
is only marginally worse, in spite of the fact that this metric
makes use of (and transfers between nodes) a much smaller
amount of information. Even more importantly, the difference
tends to disappear as cooperation graphs become sparser,
i.e., as operational conditions for cooperation become more
challenging.

In summary, Fig. 4 suggests that it is possible (i) to
remove a large fraction of the edges of the graph without
significantly affecting performance, and (ii) to use efficient,
privacy-preserving techniques to choose the edges to re-
move without incurring additional performance losses.

In Fig. 5, we show the cooperation graphs obtained when
the target number of edges is set to 18; this allows us to
understand how different metrics influence the decisions made
by PickEdge and the overall learning performance. We can
observe a striking difference between the decisions yielded
by the spectral metric (left plot, in grey) and the other two
metrics (center and right plots): only considering the spectral
gap always results in graphs that are as close to regular as
possible. Indeed, regular graphs result in higher spectral gaps
(mesh graphs have the highest possible gap). All other factors,
e.g., the characteristics of the local datasets, are ignored; as
mentioned earlier, this contributes to the lower performance
shown in Fig. 4.

Concerning the dataset distance and V-distance metric, the
resulting graphs (center and right plots in Fig. 5, denoted in red
and blue, respectively) are clearly not regular. This is due to the
fact that both these metrics seek to improve performance by
utilizing network nodes with larger and/or better-quality local
datasets, achieving the good performance highlighted in Fig. 4.
Even more interestingly, the two graphs are quite similar to
each other, which suggests that the two metrics lead to similar
decisions.

This is confirmed by Fig. 6, highlighting that the dataset
distance and V-distance metrics result in the same decision
(i.e., activate or not) for the vast majority of edges. The
resulting cooperation graphs overlap for more than 77% (thick,
green edges in the figure). This confirms our intuition that
the V-distance metric captures much of the same information
as the more complete — but more onerous and less privacy-
preserving — dataset distance one, and leads to decisions that
not only yield similar performance, but are similar to each
other.

Last, in Fig. 7 we look at the dataset distance and V-
distance metrics themselves, and ascertain to which extent
they are correlated. In the plot, each marker represents a pair
of datasets; the marker’s position along the x- and y-axes
are equal, respectively, to the dataset distance and V-distance
between the corresponding datasets. We can observe that the



correlation coefficient between the two metrics (denoted by
p in the plot) is rather high, namely, 0.87. More importantly,
it often happens that, given three datasets Xg, X1, and Xo,
if X is closer to X than X, according to one metric, then
the same happens according to the other one. Specifically, this
happens for 92% of the possible dataset triples. Considering
the structure of Alg. 1, and especially Line 4, this guarantees
that the decisions yielded by different metrics are, in fact, the
same.

VI. RELATED WORK

Decentralized learning is gaining popularity due to the
limitations of distributed learning paradigms such as federated
learning — in particular, the need of a central controller.

The studies in [12] compare decentralized learning gossip-
based algorithms against federated learning algorithms in a
variety of scenarios, showing that the best version of both
schemes achieves similar results. In fact, [13] theoretically
demonstrates that decentralized learning has the potential to
surpass the performance of federated learning. This clearly
underlines the potentiality of decentralized learning, whose
optimization represents indeed a highly promising direction
towards learning paradigms that aim at leveraging the capa-
bilities of different nodes.

It is worth noting that decentralized learning was conceived
to solve the same problem as federated learning: to perform a
task in a distributed scenario to converge into a global point.
With respect to how nodes interact between them, relevant
works assume that node updates are sent to all neighbours [14].
Leveraging the good performance of gossip-based algorithms
to efficiently disseminate information between network nodes,
other studies employ them to distribute node updates [15].
Due to the lack of a central controller, decentralized learning
allows for a different vision of the problem, i.e., focusing on
the individual benefit of the nodes instead of looking for a
common global model. This approach has been investigated
in [16], which also presents an attention mechanism to adapt
the problem to new conditions, e.g., the presence of additional
learning nodes.

Another important aspect in decentralized learning is the
use of non-i.i.d. data, which may be difficult to cope with, as
in the case of any distributed learning paradigm [17]. Existing
works address this issue from different perspectives, e.g., by
assigning weights to the received information [16], modify-
ing gradients as the training process approximates low loss
values [18], or varying the communication frequency between
learning nodes depending on specific data indicators [17].

Optimizing energy, or, more in general, cost and system
resources is also critical. From the viewpoint of the network,
reducing the number of data transmissions can save a sub-
stantial amount of bandwidth [17]. However, it is crucial to
analyze the existing trade off between system efficiency and
ML model consensus [19].

Recently, a novel trend has emerged, which is has been
explored under different learning paradigms. The idea is to
control the interaction between learning nodes by acting on the

physical or logical network topology. For example, [4] presents
an analysis of cooperation among candidate learning nodes in
several distributed learning scenarios and provides an algo-
rithm that optimizes time and system resources. Additionally,
[20] aims to redefine the topology of Urban Air Mobility
(UAM) vehicles to assist the performance of federated learn-
ing.

Some works have envisioned integrating this concept within
decentralized learning. Specifically, it has been demonstrated
analytically that the logical topology may have a significant
impact on the performance of decentralized learning [21]. In
fact, [22] proves that a ring communication topology allows
increasing the number of nodes without damaging the spectral
gap, which affect the convergence of a model training. Addi-
tionally, [23] presents a hierarchical framework that selects
learning nodes by applying a clustering method that accounts
for the position of the network nodes.

Our approach contributed to the optimization of the learning
nodes’ logical topology. Specifically, we investigate how re-
ducing the number of cooperating learning nodes can substan-
tially increase the efficiency of decentralized learning while
maintaining the process efficacy.

VII. CONCLUSIONS AND FUTURE WORK

We have targeted the problem of decentralized learning in
mobile networks, where the benefits of cooperation between
learning nodes must be balanced against the resulting overhead
and cost. In this context, we have proposed an efficient and
effective algorithm, called PickEdge, able to generate near-
optimal cooperation graphs using any metric expressing how
desirable the cooperation between two nodes is.

We have proposed, discussed, and evaluated three different
metrics, each exhibiting a different trade-off between the infor-
mation that is needed and the resulting performance. Through
our performance evaluation, we have found that privacy-
preserving metrics leveraging singular value decomposition to
estimate the distance between local datasets yield essentially
the same performance as less-efficient, non-privacy-preserving
metrics that directly measure the distance itself.

Future work will focus on expanding the scope of our
performance evaluation to additional deep neural networks
architectures and scenarios, as well as comparing PickEdge’s
performance against benchmarks that exploit reinforcement
learning approaches.
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