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Abstract—Deep Reinforcement Learning (DRL) has become
a powerful tool for developing control policies in queueing
networks, but the common use of Multi-layer Perceptron (MLP)
neural networks in these applications has significant drawbacks.
MLP architectures, while versatile, often suffer from poor sample
efficiency and a tendency to overfit training environments, leading
to suboptimal performance on new, unseen networks. In response
to these issues, we introduce a switch-type neural network (STN)
architecture designed to improve the efficiency and generalization
of DRL policies in queueing networks. The STN leverages struc-
tural patterns from traditional non-learning policies, ensuring
consistent action choices across similar states. This design not
only streamlines the learning process but also fosters better
generalization by reducing the tendency to overfit. Our work
presents three key contributions: first, the development of the
STN as a more effective alternative to MLPs; second, empirical
evidence showing that STNs achieve superior sample efficiency
in various training scenarios; and third, experimental results
demonstrating that STNs match MLP performance in familiar
environments and significantly outperform them in new settings.
By embedding domain-specific knowledge, the STN enhances
the Proximal Policy Optimization (PPO) algorithm’s effectiveness
without compromising performance, suggesting its suitability for
a wide range of queueing network control problems.

I. INTRODUCTION

In the realm of queueing network controls, Deep Reinforce-
ment Learning (DRL) has emerged as a promising approach
to learn high-performing network control policies [1]–[5]. As
is standard in the DRL community, these works employ the
Multi-layer Perceptron (MLP) neural network architecture for
its flexibility and ability to serve as a universal function ap-
proximator [6]. However, this flexibility comes with significant
drawbacks, particularly in terms of sample efficiency and
generalization capabilities.
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Training MLP policy networks in DRL frameworks often
requires a substantial number of interactions with the training
environment(s) before learning a policy that performs well in
the training environment. Furthermore, the policies learned
through this architecture tend to overfit to the training en-
vironments, resulting in poor performance when applied to
new, unseen environments. This overfitting issue poses a major
challenge, as real-world stochastic networks are dynamic and
varied, necessitating robust and generalizable control policies.

To address these challenges, we propose a novel policy
network architecture tailored specifically for a large class of
queueing network control problems: the switch-type neural
network (STN). Our approach is inspired by structural patterns
observed in many non-learning policies within the network
control literature, which often exhibit “switch-type” behavior
[7]. Specifically, these policies maintain consistency in their
action selection across similar states, ensuring that if action i is
chosen for state (s1, ..., si, ..., sK), then action i will be chosen
for state (s1, ..., si+1, ..., sK), where the state element si may
represent the queue size at a node or channel conditions.

By incorporating this switch-type structure into the neural
network design, we aim to enhance both the sample efficiency
during training and the generalization performance post train-
ing. Sample efficiency is improved because we restrict the
search space to switch-type policies during training, rather than
the class of all policies that can be represented by an MLP-
based policy network. Generalization performance is improved
because we limit the ability of the neural network to memorize
the training data, and instead learn a policy with consistent
structure across the state-space.

Our contributions are threefold: (1) we introduce a novel
switch-type policy architecture for queueing network controls
as an alternative to the MLP policy network architecture,
(2) we provide extensive empirical validation demonstrating
improved sample efficiency in both single-environment and
multi-environment training scenarios, and (3) we conduct
thorough experimental validation showing that trained switch-
type policy networks match the performance of the MLP
policy architecture when tested on the same environments
seen during training, and significantly outperform the MLP
architecture when tested on unseen environments.

ISBN 978-3-903176-73-7 © 2025 IFIP



Fig. 1: Example of a single-hop scheduling environment.
Packets arrive to each queue according to their independent
arrival distributions. The service rate between each queue and
the server varies according to an independent i.i.d. process.
The server selects one of the K queues to serve in each time-
step.

II. BACKGROUND

We start by providing an overview of the resource allocation
problems of interest. We then formally define switch-type
policies and provide numerous examples in the literature of
network control policies that are switch-type. We then provide
background on DRL and the MLP architecture.

A. Resource Allocation Problems

We are going to focus on discrete time resource alloca-
tion where a network control agent chooses to interact with
one of K components (queues, servers, users, etc) in each
time-step t ∈ (0, 1, 2, ...). The state of component k, sk,t,
evolves according to one of two Markov transition distribu-
tions P (Sk,t+1|sk,t, at = k) or P (Sk,t+1, sk,t, at ̸= k) where
Sk,t+1 is a random variable representing the next state and
at is the “action” or decision made by the central network
controller in time t. The objective is to minimize the average
expected cost:

lim
T→∞

1

T

T−1∑
t=0

E[c(St)] = lim
T→∞

1

T

T−1∑
t=0

K∑
k=1

E[c(Sk,t)] (1)

where St = (S1,t, ...,SK,t) represents the network state at
time t, and c(sk,t) is a cost function. This problem can
be modeled as a Markov Decision Process (MDP) M =
(S,A, P, c, ρ0) where the state-space S is the set of all possi-
ble network states, A is a finite set of actions that can be taken
in each state, P (St+1|st, at) =

∏K
k=1 P (Sk,t+1|sk,t, at) is the

Markov transition probability function, c(s) the cost function,
and ρ0(s) is the initial state-distribution. The objective is to
design or learn a Markov policy π : S 7→ ∆(A) where ∆(A)
is a probability simplex over A as to minimize equation (1).
For deterministic policies we use π(s) = i to denote that the
policy π chooses action a = i in state s, and for stochastic
policies we use π(i|s) = pi to denote that the policy π chooses
action a = i with probability pi in state s. For a stochastic
policy π(·|s) denotes the distribution over all actions for policy
π in state s.

We provide two examples of such resource allocation prob-
lems below.

Fig. 2: Example of a multi-path routing environment. A single
packet enters the network at the routing node labeled vR. The
policy determines which of the K queues the packet is then
routed to. Each server maintains its own separate queue. After
a packet is processed by any server, it is sent to node vD where
it immediately leaves the network.

1) Single-hop Scheduling: In the single-hop scheduling
problem, there are K parallel queues and a single server. Each
queue has a dedicated link to the server. Packets arrive at queue
k ∈ [K] (where [K] = {1, 2, ...,K}) at time t according
to a discrete independent and identically distributed (i.i.d.)
arrival distribution P (Xk), with Xk representing the number
of arrivals for queue k. Upon arrival at queue k, packets are
buffered, and the length of queue k at the beginning of time
t is denoted as qk,t.

The capacity between queue k and the server also follows
a discrete i.i.d. distribution P (Yk), where Yk represents the
number of packets the server can process from queue k.
The arrival and capacity distributions are assumed to be
independent of each other and the network states.The state
of the queueing network at time t can be represented as a set
of queue-length and capacity tuples st = {(qk,t, yk,t)}k∈[K],
with sk,t = (qk,t, yk,t) denoting the state of queue k at time
t. At each time step, the agent observes the current network
state st and chooses a queue to serve, denoted by an integer
at ∈ [K]. The state of queue k evolves according to:

qk,t+1 =

{
[qk,t − yk,t]

+ + xk,t, if at = k

qk,t + xk,t, if at ̸= k

where [z]+ = max(z, 0) and (yk,t, xk,t) are sampled i.i.d.
from (P (Yk), P (Xk)) respectively. This single-hop scheduling
environment model is representative of networking scenarios
where a shared resource must be allocated among K users,
such as bandwidth in a wireless network or processor sharing.

2) Multi-path Routing: In the multipath routing problem,
there are K parallel servers, each with its own independent
queue. Each server’s service capacity follows a distribution
P (Yk), where yk,t ∼ P (Yk) denotes the number of packets
the k-th server can process from its queue at time t. Packets
exit the network immediately after being processed by their
respective server.

At each time-step, a single packet xt arrives at a routing
node. Similar to the single-hop scheduling environments, the
network state is represented as st = {(qk,t, yk,t)}k∈[K]. At
each time-step, a centralized controller selects a server to send



the arriving packet to, denoted by at ∈ [K]. The state of server
k’s queue evolves according to:

qk,t+1 =

{
[qk,t − yk,t]

+ + xt, if at = k

[qk,t − yk,t]
+, if at ̸= k

(2)

where [z]+ = max(z, 0).

B. Switch-type Policy

For resource allocation problems where the state s can be
factored into K components s = (s1, ...sK), we define the
switch-type policy as follows:

Definition 2.1: A switch-type policy is a deterministic
Markov policy πsw : S 7→ A that adheres to the following
structure: If πsw(s) = i, for s = (s1, ..., si, ...sK) where
sk ∈ RN then for any state s′ satisfying:

s′k =

{
sk + b, k = i

sk, k ̸= i
(3)

for b ∈ (0,∞)N , it follows that πsw(s
′) = i.

For instance, consider a single hop scheduling problem with
K = 2 queues. In a state s = (q1, y1, q2, y2), where qi denotes
length of queue i and yi denotes the capacity of the link
between queue i and the server, suppose that the switch type
policy selects to serve queue 1, indicated as πsw(s) = 1. For
the modified state s′ = (q1+1, y1, q2, y2), where the length of
queue 1 has increased from s while all other elements remain
the same, the switch type policy would also choose to serve
queue 1 i.e. πsw(s

′) = 1. Switch-type policies may also be
switch-type in terms of some transformation of the state. For
example, for a multipath routing problems, we will focus on
policies that are switch-type in terms of the network state given
as s = (−q1, y1,−q2, y2), meaning that if the network control
agent chooses to route the incoming packet to queue 1 in
state s = (−q1, y1,−q2, y2), it will also route the incoming
packet to queue 1 in the state s′ = (−(q1 − 1), y1,−q2, y2)
where the length of queue 1 has been decreased. When the
decision regions are visualized, switch-type policies have clear
“switching curves” which indicate where the policy switches
its decision from one action to another. An example of these
switching curves is shown in Figure 3.

Switch-type policies are widely utilized in network con-
trol. For instance, MaxWeight algorithms, commonly used
for scheduling problems, compute a weight h(sk) for each
component state sk ∈ s and select actions as πmw(s) =
argmaxk h(sk) [8], [9]. When h(·) is non-decreasing in sk,
the policy is switch-type. For example, h(sk) = qk × yk
in single-hop scheduling makes πmw switch-type. Similarly,
the join-the-shortest-queue (JSQ) policy is an instance of the
MaxWeight policy for h(sk) = −qk in multi-path routing [10].
MaxWeight policies are often throughput-optimal, stabilizing
networks without requiring knowledge of dynamics, though
they may be suboptimal for cost minimization [11].

Whittle Index policies are another class of switch-type
policies used in resource allocation problems [12], [13]. These

heuristic policies solve Restless Multi-Armed Bandit (RMAB)
problems by computing indices I(sk) for each component and
choosing πwi(s) = argmaxk I(sk). If the component cost
c(sk) is non-decreasing, I(sk) inherits this property, making
the policy switch-type. However, proving indexability and
deriving closed-form indices can be challenging [14], [15].

In some cases, the optimal policy itself is switch-type. For
single-queue, multi-server scheduling, the delay-optimal pol-
icy is switch-type [16]–[18], and this result extends to multi-
queue, multi-server MDPs [19]. Empirical evidence supports
the same for N -model networks [1]. Under specific conditions,
the Longest-Connected-Queue policy is delay-optimal [8].
Optimal switch-type policies also extend to other objectives,
such as minimizing Age-of-Information (AoI) [7]. The success
and ubiquity of switch-type policies in the literature motivated
the learnable switch-type policies proposed in this work.

1) Empirical Demonstration of Switch-type Policy: To il-
lustrate the decision regions of a switch-type policy, we
use the Policy Iteration algorithm to approximate an optimal
policy for a specific single-hop scheduling problem [20]. This
instance features two queues (K = 2) with Bernoulli arrivals
at λ = 0.4. Service distributions are P (Yk = 0) = 0.5,
P (Yk = 1) = 0.3, and P (Yk = 2) = 0.2 for both queues,
representing a symmetric problem where arrival and service
distributions are identical.

The transition function P (St+1|st, at) was created using
these dynamics. To handle the unbounded state space, we
applied the sequence of approximate MDPs approach [21],
solving for the optimal policy in increasingly larger finite-state
approximations until convergence over (q1, q2) ∈ [0, 20] and
(y1, y2) ∈ [0, 2].

The decision regions of the derived policy πPI are shown in
Figure 3. Figures 3a-3d depict decision regions for (y1, y2) =
(1, 1), (1, 2), (2, 1), (2, 2). When link states are equal, the opti-
mal policy serves the longest queue, forming linear switching
curves. For unequal service rates, the curves become nonlinear
but still satisfy the conditions of a switch-type policy. This is
evident from the scatter plots: if πPI(s) = 1 for a point, all
points to the right are similarly classified, validating switch-
type consistency in (q1, q2) and (y1, y2).

C. Deep Reinforcement Learning

Traditional approaches for queueing network control, such
as MaxWeight and Whittle index policies, have significant
limitations, including suboptimal cost minimization, restricted
applicability, and computational infeasibility for large-scale
networks. To overcome these issues, we employ model-free
Deep Reinforcement Learning (DRL) [22], which learns poli-
cies directly from environment interactions, making it suitable
for complex, large-scale problems.

Specifically, we use the Proximal Policy Optimization
(PPO) algorithm [23], an actor-critic method with separate
policy (πθ) and value (Vϕ) networks. PPO alternates between
sampling data and optimizing a surrogate objective function.



(a) (b)

(c) (d)

Fig. 3: Decision regions for the policy πPI . Blue denotes
πPI(s) = 1 and red denotes πPI(s) = 2. The x-axis
corresponds to q1 and the y-axis corresponds to q2. Each plot
corresponds to a different set of service states y = (y1, y2).
Thus the set of plots represents the decision region over the
truncated state-space of (q1, q2) ∈ [0, 20] ∩ (y1, y2) ∈ [1, 2]

Its key innovation is a clipped objective, stabilizing training
by preventing excessive policy updates:

LCLIP(θ) = E
ρπθ

,πθ

[
min

(
ut(θ)Â

πθ (st, at),

clip(ut(θ), 1− ϵ, 1 + ϵ)Âπθ (st, at)
)]

where ut(θ) is the probability ratio of new and old policies,
Âπθ is the advantage estimate, and ϵ is a hyperparameter
controlling the clipping range.

D. Multi-layer Perceptron Policy Networks

Multi-layer Perceptrons (MLP) are the standard neural net-
work architecture used for policy networks for environments
with vector states and discrete actions. Mathematically, an
MLP can be represented as a sequential stack of linear
transformations with non-linear activation functions. A single
fully-connected layer of an MLP network can be written as

z(l) = σ(W(l)z(l−1) + b(l)) (4)

where W(l) is the weight matrix of the lth layer, z(l−1) is
the output of the previous layer, b(l) is the bias vector of the
lth layer, and σ(·) is a non-linear activation function. We use
θ = {(W(l),b(l))}l∈[L] to refer to the sets of all parameters
associated with the neural network. Due to their architecture

and the universal approximation theorem, MLPs have the capa-
bility to approximate any continuous function to an arbitrary
degree of accuracy, given sufficient neurons and layers [6].
This makes them well-suited for representing complex, non-
linear relationships between the environment state and the
desired action or value. As written above, fully connected
layers are continuous functions from Rdl−1 7→ Rdl where dl
is the output dimension of the lth layer. Let z ∈ RK denote
the output of an MLP. For DRL, we would like to convert z
to a probability distribution. For a discrete distribution over K
potential actions, a softmax layer is applied to the output of
the MLP:

SoftMax(z)i =
exp(zi)∑

j∈[K] exp(zj)
(5)

which converts any vector z = (z1, ..., zK) ∈ RK into a
normalized probability distribution over K elements.

III. SWITCH-TYPE NEURAL NETWORK DESIGN

This section introduces our proposed neural network archi-
tecture to be used as policy networks in DRL applications. This
architecture, termed a ”switch-type policy network”, ensures
the resulting policy is a stochastic switch-type policy which is
described below.

Definition 3.1: A stochastic switch-type policy is a stochas-
tic Markov policy πssw : S 7→ ∆(A) that adheres to the fol-
lowing structure: If πssw(i|s) = pi, for s = (s1, ..., si, ...sK)
where sk ∈ RN then for any state s′ satisfying:

s′k =

{
sk + b, k = i

sk, k ̸= i
(6)

for b ∈ (0,∞)N , it follows that πssw(i|s′) ≥ pi.
In other words, if we increase any element of si, the proba-
bility of choosing action a = i increases under a stochastic
switch-type policy. Stochastic policies are favored over deter-
ministic policies for on-policy DRL algorithms, as stochastic
policies ensure exploration of the state and action spaces which
is crucial for learning an optimal policy.

To represent stochastic switch-type policies using neural
networks, we utilize stacked monotonic hidden layers which
are described in the next subsection. We formally define
monotonicity with respect to multivariate functions first:

Definition 3.2: Let f : Rn 7→ R be a continuous differ-
entiable multivariate function. The function f(x) is said to
be monotonically non-decreasing on x, if ∀i, xi ≤ x′

i,∀j ̸=
i, xj = x′

j ⇒ f(x) ≤ f(x′) holds for any two points
x,x′ ∈ Rn.

Our policy network architecture is based on the following
lemma:

Lemma 1: For an MDP with state-space S = S1× ...×SK ,
let the function f : S 7→ RK be decomposable such that f(s) =
(f(s1), ..., f(sK)) for some function f . If for all k ∈ [K],
f : Sk 7→ R is monotonically non-decreasing in all elements
of Sk, then the policy:

πf (·|s) = SoftMaxf(s) (7)



is a stochastic switch-type policy.
Similarly, if softmax is replaced with an argmax, we obtain a
deterministic switch-type policy.

A. Switch-Type Policy Architecture

Our proposed architecture leverages two key components:
1) Monotonic Hidden Layers: These hidden layers guar-

antee the resulting model is a monotonic function. This
is achieved through a combination of exponentiated
weights and a ReLU-N activation function.

2) Input Vector Transformation: This component enables
faster model evaluation during forward passes.

We delve into each component in the following subsections:
1) Monotonic Hidden Layers: Our switch-type policy net-

work is comprised of fully-connected hidden layers that en-
force monotonicity. These monotonic hidden layers utilize an
exponentiated weight unit and Relu-N activation function, and
this combination was first proposed for universal monotonic
function approximation in [24]. Exponentiated weight units
perform the following linear operation

exp(W(l))z(l−1) + b(l)

where W(l) and b(l) is the weight matrix and bias vector of the
lth layer, and z(l−1) is the output of the previous layer. Since
exp(W(l)) is guaranteed to be positive, this linear operation
is monotonically non-decreasing in z(l). The output of this
linear operation is then passed through a ReLU-N activation
function σRN : Rd 7→ [0, N ]d, defined as [25]:

σRN (z)i =


N, if zi > N, zi → N+

x, if 0 < zi < N, zi → N−, zi → 0+

0, if zi < 0, zi → 0−
(8)

This combination guarantees the output of the lth layer:

z(l) = σRN (exp(W(l)))z(l−1) + b(l)) (9)

is monotonically non-decreasing with respect to the previous
layer’s output z(l−1). The ReLU-N activation function is used
instead of the commonly used ReLU activation function, as
a ReLU network with all positive weights can only model a
convex function [26]. Meanwhile, a fully-connected ReLU-N
network with at least four hidden layers is a universal function
approximator for purely monotonic functions [24]. Much like
an MLP architecture, these monotonic hidden layers can be
stacked to create a monotonic deep neural network. For an
L layer network, the final output layer is comprised of an
exponentiated weight unit with a weight vector wL and scalar
bias bL without a final activation function, e.g.,

z(L) = exp(W(L))z(L−1) + b(L) (10)

This ensures the model formed by the stacked layers

fθ(z
(0)) = exp(W(L))σRN (exp(W(l−1))⊺ · · · )) + b(L)))

where z(0) ∈ Rn is the input vector to the model, is a
multivariate monotonic function fθ : Rn 7→ R.

2) Input Transformation: The monotonic neural network
fθ takes the place of the monotonic function f in Lemma
1. Unlike standard policy networks, fθ is not applied to the
entire state vector s, but is instead applied to each component
state sk ∈ s individually. This operation can be performed in
parallel by a simple reshaping operation that takes observation
s ∈ RK×n and converts it to a matrix S ∈ R(K,n) where the
kth row is sk. Passing S through the monotonic neural network
then produces a vector zL ∈ RK where each component zLk
is monotonically non-decreasing in sk.

3) Output Layer: We add a softmax layer on top of the
final monotonic hidden layer to produce the switch-type policy
network. This resulting policy architecture ensures that for any
weights θ = {(W(l),b(l))}l∈[L], the resulting policy πθ is a
stochastic switch type policy.

IV. SINGLE ENVIRONMENT TRAINING COMPARISON

We start by comparing STN and MLP policy networks
in terms of sample efficiency during training on single-hop
scheduling and multihop routing environments.

A. Training Environments
First we provide a brief overview of the environment

sampling procedures for the single-hop scheduling and multi-
path routing environments; detailed descriptions are available
in the accompanying technical report [27]. For single-hop
scheduling, five environments with K = 4 queues were
generated. Arrivals to each queue and service capacities for
each link followed Poisson distributions, with rate parameters
sampled uniformly from (0, 3). Stability was ensured by run-
ning the MaxWeight policy on each environment. For multi-
path routing, five environments with K = 8 queues were
generated using a similar procedure. Only the service rates
were sampled uniformly from (0, 1), as the arrival process was
deterministic. Stability was verified using the Shortest Queue
policy.

B. Training and Evaluation Procedure
Separate STN (πθ,STN ) and MLP (πθ,MLP ) policies were

trained on each of the 10 environments using the PPO algo-
rithm. The training hyperparameters and an overview on how
they were chosen is available in the accompanying technical
report [27]. Each policy was trained for Ttrain = 1, 000, 000
environment steps. Following training, policies were evaluated
on their respective environments over three trajectories, each
lasting T = 50, 000 steps. The empirical time-average cost
for a trained policy πθ on environment E was computed as
J(πθ, E) = 1

T

∑T−1
t=0 c(st). Results presented in subsequent

sections are based on these evaluations.

C. Single Environment Training Results
We present results from the single environment training

experiments. Since the optimal average cost minπ J(π, E)
varies across environments, performance is compared using
the normalized average cost:

J0(πθ, E) =
J(πθ, E)
J(π0, E)

, (11)



where π0 is the MaxWeight policy for single-hop scheduling or
the Shortest Queue policy for multi-path routing environments.

Sample efficiency during training is evaluated using a
TMA = 5, 000 step moving average of the cost. The natural
logarithm of this moving average is plotted in Figure 4 for
both problem classes, showing that STN policies require fewer
samples to outperform π0 compared to MLPs. Only the first
500, 000 training steps are shown in Figure 4 as its evident that
performance converged far before the total training horizon
Ttrain for all policies. These results demonstrate that an STN
policy network requires fewer samples from the environment
to produce a policy that outperforms π0 compared to the MLP
policy architecture. Additionally, even before training, the STN
policy architecture often results in a policy that outperforms
the initial policy of the MLP policy network. This difference
in initial policy performance is very apparent for multi-path
routing environments as seen by the plots in the right column
of Figure 4. In fact, the initial STN policy only slightly
improves during training for the multi-path environments.

We also evaluate the final average costs of trained policies
on their respective environments, shown in Figure 5. Results
indicate that while MLPs optimize over a broader policy class,
they converge to similar performance as STNs, suggesting that
the optimal policies for these resource allocation problems are
switch-type.

V. GENERALIZATION

Next, we study the ability of the STN and MLP policy
networks to generalize to unseen environments. The following
experimental procedure was repeated for both the single-hop
scheduling and multipath routing problem classes. First, an
environment set E containing 100 different environments was
generated using the parameter sampling procedures detailed
in section IV-A. This environment set E was then split into
a training set Etrain which contained five environments, and
Etest which contained the remaining ninety-five environments
from E . A single policy network was trained for each policy
network architecture on all environments in Etrain, and this
single policy network was then tested on all environments
E . The performance at test time on environments in Etrain

characterize how well the policy network learned to perform in
environments it saw during training, while the performance on
environments in Etest characterize a policy network’s ability
to generalize to unseen environments.

A. Training and Evaluation Procedure

In the previous single-environment training procedure, we
trained a single policy on each environment in the training
set. For the current study, we trained a single policy πθ on all
environments in the training set E simultaneously. The training
process is only slightly modified from the single-environment
procedure: trajectories of length Teps = 2, 000 are generated
using πθ in each environment in parallel, resulting in an
update step with a batch size of 10,000 for each update. The
total number of training steps collected during the training
phase is 10,000,000, meaning that 2,000,000 training steps

(a) Environment SH1 (b) Environment MP2

(c) Environment SH2 (d) Environment MP2

(e) Environment SH3 (f) Environment MP3

(g) Environment SH4 (h) Environment MP4

(i) Environment SH5 (j) Environment MP5

Fig. 4: Moving average cost of the training policy versus
training step. The left column corresponds to the single-
hop scheduling training environments and the right column
corresponds to the multi-path routing training environments.
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Fig. 5: Average cost of the trained policies in the same
environments they were trained in.



are collected from each training environment over the entire
training process. After training, we evaluated the trained policy
on all environments in E .

B. Observation Encoding

In the single-environment study, environment parameters
were not required for policy learning. However, for generaliza-
tion, the agent must observe both the network state st and the
environment parameters. Without this, the environment would
be partially observable, as the agent could not identify which
environment it operates in.

For this study, the agent observes (qk,t, yk,t) for each queue
k, along with λk and µk for single-hop environments, and µk

for multi-path environments. Due to the monotonic nature of
STN networks, the sign of observation vector elements impacts
performance. Training across five environments revealed that
the encoding ok,t = (qk,t, yk,t, λk,−µk) performed best for
single-hop environments, while ok,t = (−qk, yk, µk) was
optimal for multi-path environments. These encodings were
used for both policy and value networks in this study.

C. Generalization Performance

We evaluate both policy network architectures on all envi-
ronments in E and report normalized average costs, focusing
on training and testing sets. The average normalized cost over
environment set E is denoted as J0(πθ,E). For the MLP
network, some environments yielded very large average cost,
indicating the policy failed to stabilize the queuing network
and costs grew unbounded. To account for this, we also
report an outlier-rejected average, J0(πθ,MLP , Ẽ), excluding
environments with J(πθ,MLP , E) > 5. These metrics are
summarized in Tables I and II, with histograms of costs shown
in Figure 6.

Results show that the STN network consistently outperforms
the MLP network across all metrics and environments. The
performance gap is most significant in single-hop environ-
ments, where STN achieves up to 8× and 38.7× better
performance in training and testing, respectively. Even with
outlier rejection, STN outperforms MLP in all cases, with
MLP failing to stabilize 20% of the single-hop environments.
In multi-path environments, the performance gap is smaller
but still favors STN across all metrics. On average, STN also
surpasses the MaxWeight and Shortest Queue baseline policies
(π0).

D. Multi-Environment Training Sample Efficiency

We also compare the training sample efficiency of each
architecture. As in the single environment training procedure,
we track the TMA = 5, 000 step moving average cost during
training for each environment E(j) ∈ Etrain, and normalize
this metric by J(π0, E(j)). We then take an average of this
normalized moving average cost across all training environ-
ments. We plot these training curves in Figure 7 using the
logarithm of the mean normalized cost on the y-axis, as
the magnitude of this metric varied widely during training
especially for the MLP policy. As seen for the case when

J0(πθ,E) MLP STN
Etrain 6.90 (13.39) 0.860 (0.049)

Ẽtrain 0.907 (0.521) 0.860 (0.049)
Etest 33.7 (94.1) 0.870 (0.128)

Ẽtest 1.20 (0.521) 0.870 (0.128)

TABLE I: Mean and standard deviation (in parenthesis) of
the normalized average cost during evaluation for both archi-
tectures across each set of single-hop environments. For the
outlier rejected metrics for the MLP policy network, 1 context
was omitted from Ẽtrain and 19 contexts were omitted from
Ẽtest.

Ĵ(πθ,E) MLP STN
Etrain 0.571 (0.162) 0.550 (0.159)
Etest 1.03 (0.956) 0.625 (0.140)

Ẽtest 0.938 (0.274) 0.625 (0.140)

TABLE II: Mean and standard deviation (in parenthesis)
of the normalized average cost during evaluation for both
architectures across each set of multi-path environments. For
the outlier rejected metrics for the MLP policy network, 1
context was omitted from Ẽtest.

Fig. 6: Histogram of Ĵ0(πθ, E(j)) for the test environments
E(j) ∈ Etest for the single-hop scheduling environments
(top) and multi-path routing environments (bottom) . Note the
“break” on the x-axis halfway through the plot, where the
scaling changes, where the right half of the plot shows the
outliers for each test set.



Fig. 7: Moving average cost of the training policy averaged
across all five training environments vs the training step. Top
plot corresponds with the single-hop training environments and
the bottom corresponds with the multi-path training environ-
ments

a single policy network is trained on a single environment,
the STN policy network is significantly more sample efficient
than the MLP policy network when training on multiple
environments simultaneously.

VI. CONCLUSION

In this work, we introduced the switch-type policy network
(STN), a novel neural network architecture inspired by the
long-history of switch-type resource allocation control poli-
cies. The STN enhances the sample efficiency of the PPO
algorithm without compromising performance, demonstrating
its suitability for the studied problem classes. Unlike MLPs,
which often overfit to training environments, the STN gen-
eralizes effectively to unseen environments while matching
MLP performance in familiar settings. These results suggest
that optimal policies are switch-type with respect to both
queue sizes and arrival/service rates. Future work will explore
the broader optimality of the switch-type policy class across
diverse environments.
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