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Abstract

Recent work has shown that exposing Deep Reinforcement Learning (DRL) agents to
network impairments during training allows them to perform better when deployed in
realistic networks than ones trained under idealized conditions. We investigate systemat-
ically whether and what kind of information about the state of the network is beneficial
to add to the agent’s observations. For this, we train PPO and SAC agents under a fixed
impairment profile while varying the augmented observation space across eight feature
groups on two common control tasks with different impairment sensitivity often seen in
DRL research (CheetahRun and FingerTurnHard implemented in MuJoCo). Our results
show that per-observation information about whether the packet was dropped or delayed
recovers most of the performance of the trained algorithm, while adding statistics about
latency, jitter, and packet loss provides little benefit or even destabilizes the training for
PPO. SAC seems to be largely insensitive to the additional metadata. A window-size
ablation shows that latency and jitter statistics provide no benefit across any tested window
size, while the effects of the loss statistics are strongly window dependent. These results
argue against a universal network metadata observation augmentation vector and in favor
of algorithm- and task-specific feature selection.

Keywords: deep reinforcement learning; networked control system; network impairments;
latency; jitter; packet-loss

1. Introduction

With the ongoing progress of Industry 4.0, cloud robotics, and autonomous systems,
wireless control systems are becoming increasingly common [1,2]. Deep Reinforcement
Learning (DRL) has emerged as a strong contender to create control policies. However, this
holds only under idealized conditions, where observations and actions arrive immediately
and reliably at the target [3,4]. Small perturbations or impairments to the communica-
tion, e.g., latency even in the tens of milliseconds or single digit rates of packet loss, can
dramatically decrease the performance of DRL policies that were trained without special
precautions [5,6].

Multiple papers have shown that simply training the agent under the same im-
paired conditions that it will face during deployment will dramatically increase its perfor-
mance [7,8]. This raises a natural follow-up question: What, if any, information about the
network state improves the agent’s performance if included in the observation vector? Prior
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work has shown, for example, that adding the instantaneous latency to the observation
vector can improve the agent’s performance [6,9]. We build on this work by considering
additional augmentations to the observation vector, such as:

e  Binary flag whether observation is fresh;
e Time since the last fresh observation;
e  Windowed statistical summaries of latency (mean and jitter) or Loss rates.

We perform ablation tests of these signals, as each of them contains different infor-
mation about a partially observable, time-varying communication channel. Their useful-
ness depends on both the setup of the channel (e.g., whether it is more loss- or latency-
dominated) and the algorithm’s and the task’s sensitivity to impairments. Holding the
network impairment profile fixed, we train Proximal Policy Optimization (PPO) and Soft
Actor-Critic (SAC) agents on two MuJoCo-based tasks common in DRL research, Chee-
tahRun (17-dimensional locomotion) and FingerTurnHard (12-dimensional manipulation),
while varying the augmented observation space across eight feature groups. We perform
the ablation tests once with a purely statistical latency and packet loss model, and once
with a location-dependent configuration, since this better resembles real-world wireless
communication networks.

Our contributions are:

e A taxonomy of network-derived observation features, motivated by what is computable
from the per-step network status emitted by wireless communication networks;

e A systematic ablation with training runs, reporting effect sizes for each feature group
against a common baseline, with cross-task and cross-algorithm analysis;

e A window-size sensitivity analysis of all window-derived feature groups.

The paper proceeds with related work in Section 2, and the methodology of the
ablation analysis and the experimental setup in Section 3. Section 4 describes the results,
with a discussion in Section 5 and a conclusion in Section 6.

2. Background and Related Work

Usually, DRL assumes the entire control loop consisting of the controller /agent, sys-
tem, and sensor to be a Markov Decision Process (MDP) [10]. This assumption is violated
once the three components are connected via a randomly delayed and/or lossy commu-
nication network [11]. Altman and Nain showed that any MDP with constant delay can
be reformulated as a standard MDP by augmenting the system state with a buffer of
pending actions and observations, at a cost of exponential increase in the state size with
increased delay [12]. Walsh et al. proved that planning in these MDPs is an NP-hard
problem and therefore requires other approaches, such as model-based simulations [13].
Real-world communication networks, especially wireless networks, suffer, however, from
non-deterministic delays, which were formalized by Bouteiller et al. as Random-Delay
MDPs (RDMDP) [6]. Schenato et al. established limits on the stability of linear estimators
under lossy communication conditions, showing that stability can no longer be guaranteed
above critical Loss rates [3]. The loss of either observations or actions effectively turns the
MDP into a partially observable MDP (POMDP): when a packet is dropped, either the agent
or the system has to act on a held-over or imputed observation or action, respectively [14].

Various adaptations to regular DRL algorithms have been proposed to adapt to RD-
MDPs and POMDPs. Hausknecht and Stone propose replacing feedforward neural net-
works with Long Short-Term Memory (LSTM) networks, allowing the agents to use previ-
ous observation history to partially recover system state [15]. Ni et al. show that recurrent
formulations outperform the standard model-free algorithms across a broad benchmark of
tasks, but require careful hyperparameter tuning [16]. Bouteiller et al. propose the Delay
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Correcting Actor Critic (DCAC) as an extension to the Soft Actor Critic algorithm, by first
predicting the system state from delayed observations, but then performing the actor-critic
loop on the actual system state [6]. Wu et al. propose Auxiliary-Delayed Reinforcement
Learning (AD-RL), in which they train an auxiliary short-delay value function to bootstrap
the critic network, to sidestep the initial variance that direct training on tasks with long
delays creates [8]. Karamzade et al. propose an extension to a world model (Delayed-
Dreamer) that keeps an action buffer that allows the latent world state to evolve with the
buffer during the delay of observations [7]. Hu et al. train a transformer network with
random masking of observations (DeFog) to teach it to deal with dropped packets during
testing [17]. Transformer models have also emerged as an alternative memory architecture
for partially observable control tasks. Esslinger et al. replace the recurrent state of value-
based agents with self-attention over the observation history (DTQN), reporting faster and
more stable learning on POMDP benchmarks [18]. Wu et al. train a transformer model
that forecasts the undelayed state from a delayed observation and pending-action buffer,
avoiding the compounding errors of recursive state predictions under random delays [19].

While these previous works propose different strategies for dealing with delays and
lossy communication on the architectural side of the agents, they have not made a system-
atic analysis of which additional signals about the network state can benefit the agents
during training. They propose architectural interventions, which confound the main ques-
tion of this paper: Which observation-state features carry actionable signals for a given
network condition? Instead of following the architectural adaptations, we take one step
back and analyze how much performance can be recovered with standard DRL algorithms,
PPO and SAC, to isolate the information value of each augmentation feature.

3. Experimental Setup
3.1. Simulation and Training Environment

The training environment is implemented using MuJoCo [20], with the training envi-
ronment setups taken from mujoco_playground [21]. For all training runs, the JAX-based
warp backend was chosen, as it allows for easy GPU acceleration for the physics simulation,
increasing the training throughput. The Brax [22] implementation of PPO and SAC is used,
as it offers the simplest integration with mujoco_playground and compatibility with the
JAX warp backend. For better resolution of the network delay, the physics simulation is run
with a resolution of At, = 1 ms, with multiple physics steps performed between multiple
agent updates.

Network impairments are implemented as composable wrappers around the under-
lying mujoco_playground modes, thin Python classes that intercept the step and reset
function calls, transforming the observations and actions that are transferred between an
agent and the simulator. The wrappers are applied in order: delay -> loss -> metadata. The
delay wrapper maintains a separate ring buffer for observations and actions that releases
each value after the corresponding sampled latency value has elapsed. The packet-loss
wrapper gates the observation path and substitutes a dropped packet with the most recent
successfully delivered value. The metadata wrapper concatenates the selected feature
group onto the observation vector sent to the agent. The following subsections describe the
implementation of each wrapper in greater detail.

3.2. Network Delay and Loss Model

The following description focuses on the packets going through the observation path
for greater clarity. The action path is implemented analogously. The control rate of each
agent is chosen at 40 Hz. Each At,,, the state of the physics simulation is sampled, placed in
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the delay wrapper, and the last valid action is applied to the simulation. The observation
can either be delayed or lost. Formally, the agent receives an observation

1)

R {s f—dobs if the observation is delivered at ¢
t =

8i_1  if the observation was lost (zero-order hold)

With 49t = [Lt/Atp | being derived from the sampled delay L% and quantized to
the nearest physics step. Note that the observations are sampled at a higher rate than the
control rate. This is consistent with most real-world setups, where sensors can generally
supply higher sampling rates than the one the control system runs at. Observations
that are supposed to be delivered between two control steps are discarded from the ring
buffer afterwards.

On the action path, the agent’s command traverses the same delay mechanism. An
action latency is drawn independently at each physics step and quantized to the nearest
physics step, and the actuator applies the command issued d/°' physics steps earlier. The
actuators continue to execute the previously issued command (zero-order hold at the
actuator) until a new action is applied. At the episode’s start, the buffer is initialized with
zero commands. Because the latency is redrawn per physics step, command arrivals are
not first-in-first-out: an action with larger latency can be overtaken by a newer action with
a lower draw.

3.2.1. Gaussian Delay Model
At every control step, a new one-way latency value is drawn independently from
a Gaussian distribution L ~ A (y“bs, 00b5> truncated to [0, L‘,’fgx}. The action path

analogously draws from its own distribution, characterized by u"!, ¢ and L% . The
upper bound keeps the ring-buffer length bounded and prevents rare extreme outliers in
the latency distribution. The continuous delay is then quantized to the integer step count
d9%s. We use an independent per-step draw for the delays, as the simplest model to capture
random delays encountered in wireless networks.

3.2.2. Gilbert-Elliott Packet-Loss Model

Loss probability is implemented using a two-state discrete-time Markov chain with
states Good (G, packet delivered) and Bad (B, packet lost). At each step, the chain can
transition with probabilities G — B = py;, and B — G = ppe with the self-loop probabil-
ities following G — G =1 — pg, and B — B =1 — py,¢, respectively. This implements a
simplified Gilbert-Elliott [23,24] loss model that creates the bursty, non-independent loss
characteristic of wireless network channels.

3.2.3. Summary of All Parameters

Table 1 lists all parameters used for the impaired training runs. The same config-
uration is used during evaluation, except that the random seeds are refreshed for each
evaluation episode.

The asymmetry in observation and action delay was chosen based on previous work
and the increased instability with higher action delays. The parameters were chosen to
mimic a typical industrial Wi-Fi deployment as closely as possible. Section 6 discusses the
restriction on the selected operating points in more detail.
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Table 1. Delay and loss parameters for the training runs.

Description Symbol Value
Mean observation delay Hobs 15 ms
Standard deviation observation delay Tobs 5 ms
Max observation delay Lbs. 40 ms
Mean action delay Uact 10 ms
Standard deviation action delay Oact 2.5 ms
Max action delay Lot 30 ms
Loss transition probability G — B Peb 2.5%
Loss transition probability B — G Pbg 40%
Derived steady-state Loss rate pg:i; ” 5.9%
Control rate - 40 Hz
Inner physics dt Aty 1ms

3.2.4. Loss-Dominated and Location-Dependent Model

Additionally, we performed a second round of experiments with the same feature
group setups, but replacing the Gaussian latency distribution and Gilbert-Elliott packet
loss model with a pre-generated 64 x 64 spatial grid generated using a basic Wi-Fi ns-3
simulation [25]. The simulation (Figure 1) was set up using a single 802.11 access point
at the origin, with the agent moving through a slice at distance x,y € [50, 60] m. At this
distance, the communication channel is heavily loss-dominated, with per-step packet loss
spanning 21-75% across the slice, while latency stays roughly at 17-19 ms. This inverts
the previous channel’s delay-dominated regime and adds an additional dimension, where
the Loss rate is heavily dependent on the location of the system. For the physical location,
the CheetahRun moved across a slice of the environment, while we added a simulated
movement across a circle for the FingerTurnHard task.

3.3. Tasks
We use a locomotion and a manipulation task from the mujoco_playground suite [21,26]:

o  CheetahRun (17-dim observation, 6-dim action): A planar locomotion task whose
reward incentivizes forward velocity. Stiff ground contacts and a high-frequency
oscillatory gait make it sensitive to delayed feedback.

e  FingerTurnHard (12-dim observation, 2-dim action): A manipulation task in which a
planar two-link arm rotates a free spinner toward a target angle. The dynamics are
inertia-dominated and forgiving of short delays.

3.4. Algorithms

We use PPO and SAC as the default DRL algorithms for on-policy and off-policy
continuous control baselines, in their default Brax implementation and with their default
Brax hyperparameters [22]. We used a per-task training budget of 40 M steps for PPO and
5 M steps for SAC on CheetahRun, and 20 M and 3 M on FingerTurnHard, respectively.
The training budgets were determined using a separate screening run for both tasks, which
trained them for a longer period and were chosen at roughly 1.5x the wall-clock time
to reach 80% of the asymptotic reward that the algorithms reach without any network
impairments. We separately confirm that the training converges within the budget on the
clean baseline, to rule out under-training as a confounding variable for the feature groups.
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Figure 1. Location-dependent packet-loss map of the ns-3 wifi_basic scenario used as the second
channel model, with the virtual trajectories (green—FingerTurnHard, blue—CheetahRun) of both
tasks overlaid.

3.5. Feature Groups

We compare 8 feature groups denoted FO-F7 for the ablation test. F0 is the no-metadata
baseline. F1-F6 isolate single features to research which aspect of the network state carries
additional information, with F7 being the union of all six features. In the main experi-
ment grid, statistical features were consistently calculated across a window W of the last
20 control steps, i.e., 0.5 s. This window size was chosen because it is the shortest window
at which the 95th percentile latency feature in F2 is distinguishable from the window
maximum, and is also close to the smallest window size with an expectation of a loss event
(1/5.9% =~ 17). Section 3.6 describes an additional dedicated ablation test that varies the
window size. A dedicated tuning of the W is outside of the scope of this paper.

1.  F1 Instantaneous (2 dimensions): Adds the most recent per-step latency and loss flag.
This tests whether per-step network state is useful without any temporal aggregation
to a controller lacking any temporal architecture adaptation.

2. F2 Latency statistics (5 dimensions): Adds mean, minimum, maximum, median, and
95th percentile of the latency inside W. This tests whether the distribution of recent
latency, rather than just the instantaneous value, allows the controller to adapt to a
specific network condition.

3. F3]itter (2 dimensions): The standard deviation of delay values and the mean absolute
difference between consecutive delay samples within W. F3 isolates the variability of
recent latency, since previous work has shown that DRL can adapt to constant delays.

4. F4 Loss rate (2 dimensions): The empirical Loss rate and the length of the longest
loss burst inside W, as a loss analogue to F2/F3. This tests whether aggregate loss
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information helps the agent beyond the information whether the current step was
dropped, which is covered by F1.

5. F5 Time since last observation (1 dimension): Age of the last fresh observation. This
should allow the agent to recognize a longer burst of lost packets.

6.  F6 Observation age flag (2 dimensions): A binary one-hot indicator of whether the
current observation is fresh or held over from a previous state.

7. F7 Union (13 dimensions): A deduplicated concatenation of feature groups F1-F6.
If F7 improves performance more than any other feature group, it indicates that
there is complementary information inside each feature group, while a tie or worse
performance indicates that a single feature contains enough information already, while
the others either carry no signal or noisy signals that hinder the agent.

All feature groups are computed directly from the delay wrapper ring buffer and
require no additional infrastructure. Each feature is either a per-step counter (F1, F5, F6), a
single pass of elementary sum/min/max/comparison operations over W window (F3, F4,
and the mean of F2), or, at worst, a sort of the values for the median and 95% percentile.
The complete F7 union therefore requires on the order of a hundred elementary arithmetic
and comparison operations per control step, which is several orders of magnitude below a
single forward pass of even the small policy networks. They were also chosen in such a
way that any real networked device can easily compute them based on information that is
readily available to it, if it uses any communication protocol that has a sequence number
indicator or similar. Additionally, we trained the algorithms using the same wrapper
architecture but with 0 latency and loss. This provides us with a sanity check as well as an
upper bound for both tasks.

3.6. Window-Size Ablation

To ensure that the results of the main set of experiments are not just an artifact of the
chosen window size W, we repeat the training runs of the five feature groups F2, F3, F4, F5,
and F7 at W € {5, 10, 20, 50} control steps (i.e., {0.125, 0.25, 0.5, 1.25} s). FO, F1 and F6
are computed from just the current step and are therefore invariant to the window size.
The window size ablation was performed using the CheetahRun task on the parametric
channel with both PPO and SAC and is otherwise identical to the main experiment runs.

3.7. Training Protocol

Each condition was trained at 2048 parallel environments for 8 seeds, with 128 eval-
uation episodes at the end of training to produce a per-seed mean reward. The training
ran on a single NVIDIA RTX 4080 under driver version 595.71.05, with CUDA 13.2 and
Python 3.12.

4. Results

First, we establish the headroom that can be recovered by adding the features, by
comparing the clean ceiling with the F0 baseline.

Table 2 shows the mean reward value across both environments, algorithms, and
conditions. The reward values use the default reward function implemented by the Brax
library, since reward shaping was not in the scope of this paper. One can immediately see
that FingerTurnHard using PPO is a degenerate task, since even without any additional
features, PPO solves this task to within 1% of the clean ceiling. There is therefore no
room for any of the F-groups to improve the performance. We will therefore focus on the
other configurations.
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PPO
final evaluation reward

SAC
final evaluation reward

900 -

800 -

700 A

600 -

500

460 -

440 -

Table 2. Recoverable headroom across the two environments and algorithms. Reported values are

the means over all seeds and evaluation episodes.

Environment Algorithm Clean Fo Gap F0/Clean

CheetahRun PPO 841.5 670.4 171.1 0.8.0

CheetahRun SAC 961.0 446.0 515.0 0.46
FingerTurnHard PPO 969.3 958.9 10.4 0.99
FingerTurnHard SAC 974.8 564.6 410.2 0.58

4.1. Window Size Sensitivity

Figure 2 shows the evaluation reward against the different window sizes W for the
five feature groups on CheetahRun as described in Section 3.7. A table with all results
was added to Appendix A. Latency and Jitter statistics provide no benefit at any tested
window. Across all configurations F2 and F3, no CI excludes zero in the positive direction.
F4 loss rate is dependent on the window size. For PPO, it shows a monotone decline,
from a benefit at a short window size to a significant degradation with longer window
sizes in comparison to FO. For SAC, no window sizes provide a benefit over F0, and the
longer window sizes also perform significantly worse in comparison to the shorter ones.
However, there is no monotone decline. The other feature groups do not show a significant

dependency on W.
F2 Latency statistics F3 Jitter F4 Loss rate F5 Time since last obs. F7 Union
[ i J 1
.‘ ‘ T I H !
| I B 1 J I
‘ ‘ | “' A A‘[\
; AL ! I\ T l T I T 1
| | { I\T/l ] L
é 1'0 2'0 5‘0 5 1'0 2'0 5‘0 f’) 1‘0 2'0 5'0 é 1'0 Zb 5'0 5 1'0 2'0 5'0
W (steps) W (steps) W (steps) W (steps) W (steps)

---- FO baseline (mean, 95% CI band)

Figure 2. Evaluation reward vs. metadata window size W (control steps; 25 ms each) for the window-
derived feature groups F2-F5 and F7 on CheetahRun, parametric channel (top row: PPO, bottom
row: SAC). Points are means over 8 seeds; whiskers are 95% bootstrap Cls.

The main experiment grid therefore retains the chosen W = 20 motivated in Section 3.5.
The window ablation shows that the conclusions drawn at that window size are non-
representative. The results of F4 are further discussed in Section 5.

4.2. Per F-Group Findings

Figure 3 plots the mean final rewards per F-group with 95% confidence intervals
over all seeds, with the clean ceiling drawn in a dashed horizontal line. Figure 4 plots
the median and interquartile range learning curves for all F-groups. Per cell breakdowns
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with all results are placed in Appendix A; the rest of this chapter walks through the main
qualitative results.

F-group ablation (mean *+ 95% CI bootstrap, n=8 seeds)

CheetahRun x ppo 166 CheetahRun x sac
B 800 ! 5 e
= 5 800
2 2
9 600 2 6001
© ©
@ 400 o 400
- s
£ 200 £ 200
0 ol emEmEs s | FO baseline
. . ---- C-clean ceiling
FingerTurnHard x ppo FingerTurnHard x sac
1000 . = 10001
el el
S 800 1 = 800
2 2
2 600 2 6004. ...
© ©
3 400 3 400
- -
£ 200 £ 2001

0- 0-
FO F1 F2 F3 F4 F5 F6 F7 FO F1 F2 F3 F4 F5 F6 F7

Figure 3. Final evaluation reward per feature group FO-F7 across the 2 x 2 (env x algo) grid. Bars are
means over 8 seeds; whiskers are 95% bootstrap Cls; the dashed horizontal band marks the C-clean
ceiling for each cell.

Learning curves (median = IQR over 8 seeds)

CheetahRun x ppo CheetahRun x sac
~ -] 1000
800 - )
E 600 ]
5 500 A
400 — FO
g —F
2001 2501 — R2
— F3
01 0- — 4
— F5
1000 1 1000 1 —— F6
F7
T 7501 750 A ---- C-clean
g y
2 500 ,,7 500 -
g /
250 /’ 250 1
! ; . . . 0oL ' .
0 20 40 60 80 0 2 4
env steps (M) env steps (M)

Figure 4. Learning curves per feature group FO—F7 across the 2 x 2 (env X algo) grid. The solid line
represents the per-seed median, while the shaded band is the interquartile range across all seeds; the
black dashed curve is the C-clean reference.

The clearest differences can be seen in the CheetahRun x PPO configurations. F1
Instantaneous, F5 Time since last observation, and F6 Observation age flag allow the
algorithm to regain most of its performance, while F7 Union achieves the highest observed
mean, recovering 81% of the gap between the F0 baseline and the clean result. Among
the singleton feature groups, F6 has the highest mean, 784.7, with F5 767.9 and F1 762.2
close behind. F5 has the widest CI, driven by a single seed that collapsed to below 32%
performance of the clean ceiling. This is not seen across any other run, and we therefore
attribute it to random chance instability in the training process and do not interpret it

https://doi.org/10.3390/electronics15143129


https://doi.org/10.3390/electronics15143129

Electronics 2026, 15, 3129

10 of 17

further. Window statistics features F2 and F3 stay mostly flat, while F4 Loss rate is even
significantly negative, suggesting that the Loss rate acts as a noise channel rather than a
useful context. The CheetahRun x SAC configuration had the biggest headroom across all
configurations, but no F-group was reliably able to recover the performance beyond a few
reward points. This is, however, not a noise artifact, as the standard deviation of the results
across all seeds for both the clean run ¢ = 4.6 and all the F-groups oy = 17.0 is small
in comparison to the final value, suggesting that SAC does not extract any recoverable
signal from the observation metadata at this budget on this task. F4 Loss rate also hurts
the performance of the SAC algorithm. As previously mentioned, FingerTurnHard x PPO
shows no interesting behavior, since the algorithms can achieve full clean performance.
However, FingerTurnHard x SAC has a few conflicting results. F1, F4, F5, F6 and F7
show lower means in comparison to FO, while F2 and F3 are nominally positive.

4.3. Position-Dependent Results

As described in Section 3.2.4, we performed the same feature group test across a sec-
ond set of tests with a more loss-dominated channel, with additional location dependency
of the network impairments. Figures 5 and 6 mirror Figures 2 and 3, respectively. In com-
parison to the parametric channel, the range of results between the feature groups is wider:
A parametric channel = 181 vs. A ns-3 = 439 for CheetahRun x PPO and 52 to 207 for
CheetahRun x SAC respectively.

ns-3 F-group ablation (mean + 95% Cl bootstrap, n=8 seeds)

CheetahRun x ppo CheetahRun x sac

1000
O 2o Y s T H el

= 800 = 800 -
2 2

26004 _ N 2 6001

© © ’

3 400 o 4001
[ e

£ 200 E 2001

~~~~~~ ns3_FO0 baseline
0- 0- ---- C-clean ceiling
FingerTurnHard x ppo FingerTurnHard x sac - parametric-channel FO

1000 {r o S| 2000

T 800- £ 800
2 2

2 600+ 2 600
g o

o 400+ @ 400
[ g

& 2001 £ 200

0- 0-

FO F1 F2 F3 F4 F5 F6 F7 FO F1 F2 F3 F4 F5 F6 F7

Figure 5. Final evaluation reward per feature group FO-F7 on the ns-3-based simulation. Bars are
means over 4 seeds; whiskers are 95% bootstrap Cls; dashed horizontal bands mark the C-clean
ceiling and the parametric-channel FO.

The choice of metadata feature, therefore, matters more on the loss-dominated location-
dependent channel, suggesting that a purely parametric simulation of network impairments
is insufficient to predict which feature a specific deployed network configuration favors.
Furthermore, for PPO, the baseline FO and most feature groups score lower than on the
parametric channel, although the two strongest feature groups F5 (mean 939.7 vs. 767.9)
and F7 (mean 870.8 vs. 809.4) improve on CheetahRun. SAC results stayed within a
similar range as before, which suggests a different sensitivity of the algorithms to loss and
delay specifically.
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Figure 6. Learning curves per feature group FO-F7 on the ns-3 channel, across the 2 x 2 (env x algo)
grid. Solid line is the per-seed median, shaded band is the IQR over 4 seeds; the gray curve is the
C-clean reference.

F5 Time since last observation is now the best-performing feature across both Chee-
tahRun configurations, with PPO reaching the level of the clean run. The effect is consistent
across seeds rather than driven by an outlier. We note, however, that the clean mean is
lowered by one weaker result, and excluding that outlier, the F5 results (927-953) lie at the
level of the best clean results (938-963). We theorize that under the high packet-loss rate,
the explicit age signal lets the agent effectively lower its control rate, acting on a coarser
time grid, which appears beneficial in this loss-dominated scenario. Since hyperparameter
optimization was outside the scope of this paper, further investigation on this is left to
future work. F7 Union also shows consistently high results, except for the surprising result
above, where F5 clearly beats it. F4 Loss rate also shows a consistently negative effect across
these configurations, while multiple other features show a degradation only in this case.

5. Discussion
Analyzing the results, we put forward the following five findings:

1. Information on the freshness of the current observation carries the most recoverable
signal for PPO algorithms in delay-dominated tasks. F1, F5 and F6, i.e., the freshness
features, provide the highest singleton uplift in the CheetahRun x PPO configuration
in the parametric impairment configuration, second only to the union F7.

2. Sliding window latency and jitter summaries provide no benefit at any tested window
size. No tested configuration significantly benefited from these metadata features.
The window ablation (Section 4.1) shows no significant difference across the tested
window sizes.

3.  Loss-rate summaries actively destabilize training at long window sizes. F4 actively
hurt training with the primarily tested window size W = 20. The window size
ablation, however, shows that at shorter window sizes, the Loss-rate feature can
become positive for PPO or at least neutral for SAC.
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4. The union of all feature matches is generally a safe addition. While the union of all
features does not significantly outperform the best singleton feature group, it also
does not add additional noise to the training. Its benefit is also robust across the full
tested window range (Section 4.1), with the main experiment run W = 20 window
showing the smallest point estimate of the four tested windows. F7 does not harm
either algorithm at any other tested window size.

5. SAC s largely insensitive to the observation metadata. In the tested configurations, SAC
generally did not benefit as much as PPO from the addition of the metadata features.

The consistency of F4’s negative effect across the non-degenerate configurations at
W = 20 is the most striking negative finding. We offer two non-exclusive interpretations.
First, the loss-rate window summary only describes the recent past of the channel but
gives the agent no additional information about the current freshness of the packet. The
longest burst length is also unactionable because it tells the agent nothing about whether
the current step is inside one of the bursts. Second, the loss-rate features vary only slowly
relative to the agent’s update rate, i.e., they mostly act as an additional scalar input into the
agent and therefore do not provide much actionable information as the state of the system
changes. These interpretations are strengthened by the window size tests. With shorter
window lengths F4 becomes closer to a freshness indicator, while longer lengths limit the
per-step information the feature can carry. The monotone degradation between these two
regimes for PPO is consistent with this reading. A causal verification, e.g., by performing a
feature-attribution analysis, was outside the scope of this research.

The PPO vs. SAC difference is internally consistent across both environments and
therefore is probably not an artifact of the training. Both algorithms converge well within
the budget on the clean baseline; see Section 3.4. We propose a conjecture for the mechanics
of this algorithm-level split based on our results, but do not verify it directly. PPO’s
on-policy update is computed from metadata and the immediate returns that an action
produced, i.e., the gradient step directly attributes credit to each choice. SAC instead trains
the critic algorithm using a replay buffer in which the metadata is sampled once during
the training, as well as the bootstrap target, which uses independent draws of metadata.
Therefore, each physics state in the buffer can be paired with many different samples of
metadata, and the small per-step contribution of the metadata could tend toward zero in
the mini-batches. In this view, the critic effectively ignores the added metadata, and the
actor has no incentive to use the channels. Verifying this hypothesis requires additional
analyses beyond the reward comparisons performed in this paper, and we leave it to future
work. One possible experiment would be gradient-based feature attribution on the trained
critics, comparing the sensitivity of the SAC and PPO value estimates to the metadata
dimensions against their sensitivity to the physical state.

6. Conclusions

We performed a systematic ablation of observation-side metadata about the network
state for reinforcement learning control over impaired network channels. The main results
of the paper show that features related to the freshness of the current packet carry most of
the actionable information for PPO algorithms, sliding-window summaries of the latency
and jitter provide no significant benefit at any tested window size, and a summary of
the Loss rate actively harms the training at longer aggregation windows. The union of
all features generally is a safe default, but is not a strict winner over the best-performing
singleton in each scenario. SAC is largely insensitive to the observation metadata. These
results, taken together, argue against a universal “network-metadata vector” and in favor
of a per-task and per-algorithm minimal singleton feature.
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These findings are preliminary since this paper has several deliberate scope restric-
tions. Both network channel configurations were tested only at a single operating point,
i.e., latency, jitter, and loss distributions were kept consistent across the environment. All
conclusions are therefore established with one latency- and loss-dominated condition, and
their generalization across that spectrum is untested. In particular, the null results for
F2 latency and F3 jitter statistics are established under channels whose latency process is
comparatively benign and stationary; whether these features remain uninformative when
the latency distribution is heavier-tailed, non-stationary, or when the dominant impairment
cannot be answered from our data. An impairment-parameter sweep that varies mean
latency;, jitter, and steady-state Loss rate independently is required before any feature can
be recommended or ruled out. Our window-size ablation did not show a significant depen-
dence on the window size, but the test itself is limited to a single task and the parametric
channel. Several runs also had bigger confidence intervals, suggesting that there was more
instability in the training. We also excluded any additional metadata about the network
channel that transmits actions from the agents to the system. Finally, this study deliberately
isolates the information content of the observation vector by holding the agent architecture
fixed to standard feedforward PPO and SAC policies. We make no comparison against
dedicated delay-aware methods discussed in Section 2. The effect sizes reported here
therefore quantify what an unmodified policy can extract from each feature and do not
establish how the resulting performance compares to that of architectural interventions.
The results define the observation-side features for the follow-up comparison, in which
delay-aware architectures are evaluated both with and without the beneficial features
identified here, so that feature and architecture contributions can be separated. We read
these results as evidence that the main question this paper poses, “Which observation-state
features carry actionable signals for a given network condition?”, demands a substantially
broader experimental treatment. Three directions are particularly important:

o  Network impairments with positional and temporal structure: The results show a
difference between the parametric and ns-3-based channel configurations. Therefore,
there needs to be more analysis with richer mobility patterns, multi-AP geometries,
and time-varying conditions.

e A wider network-feature taxonomy: The eight feature groups studied here cover
instantaneous window-statistics and freshness signals, but we did not test predicted
state features, e.g., a learned channel forecast or explicit action-history encodings.
Since we show that which feature is best shifts across configurations, the feature
library itself becomes an open design problem, not merely an implementation detail.
The window-size ablation also suggests that for this particular setup, lower window
lengths are more beneficial than higher ones, consistent with the claim that freshness
features are more beneficial. Future work should examine whether this is task- or
algorithm-dependent, and analyze whether this is an artifact of the simulation’s
time steps.

e  Architecture and training-strategy coupling: We tested only PPO and SAC in this
paper. SAC’s insensitivity is plausibly due to an interaction of the features with the
algorithm, rather than a property of the features themselves, but this requires further
analysis. Furthermore, more advanced architectures, e.g., recurrent PPO/SAC with an
LSTM or GRU encoder, or a transformer-based architecture with a learned memory
system, may outperform the hand-crafted window statistics.

The main conclusion of this paper is therefore that, within our tested setups, the choice
of observation-side metadata feature is an important design decision.
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Appendix A

The per-configuration breakdown referenced in Section 4 is reproduced here in full.
Each row reports the mean final reward over all seeds and evaluation episodes, the 95%
bootstrap confidence interval (CI) on that mean, and the paired-bootstrap effect size against
FO with its 95% CI.

Appendix A.1. CheetahRun x PPO Parametric Channel

Table Al. Per-configuration breakdown of the window-size ablation test.

Feature Group W Steps Mean 95% CI A FO A 95% CI
Clean — 841.5 [702,933] — —
FO None — 670.4 [609, 711] — —
F2 Latency statistics 5 681.2 [625, 725] +10.8 [—65, +95]
F2 Latency statistics 10 708.4 [690, 728] +38.0 [—11, +109]
F2 Latency statistics 20 672.7 [597,728] +2.3 [—21, +29]
F2 Latency statistics 50 694.4 [675, 714] +24.0 [—18, +97]
F3 Jitter 5 650.6 [598, 689] —19.7 [—29, —9]
F3 Jitter 10 652.3 [594, 697] —18.0 [—43, +1]
F3 Jitter 20 668.2 [595, 715] —-2.1 [—21, +16]
F3 Jitter 50 661.5 [606, 703] —8.9 [—31, +8]
F4 Loss rate 5 750.4 [663, 818] +80.1 [+44, +119]
F4 Loss rate 10 715.5 [637,773] +45.2 [+23, +67]
F4 Loss rate 20 628.3 [569, 673] —42.0 [—56, —30]
F4 Loss rate 50 541.5 [496, 580] —1289 [—177, —85]
F5 Time since last observation 5 826.4 [733, 893] +156.1 [+120, +187]
F5 Time since last observation 10 732.3 [565, 867] +62.0 [—110, +178]
F5 Time since last observation 20 767.9 [600, 897] +97.5 [—59, +197]
F5 Time since last observation 50 818.0 [706, 890] +147.6 [+93, +193]
F7 Union 5 851.1 [805, 892] +180.7 [+145, +220]
F7 Union 10 890.7 [862,916] +220.3 [+172, +280]

Appendix A.2. CheetahRun x PPO Parametric Channel

Table A2. Per-configuration breakdown for CheetahRun x PPO on the parametric channel.

Feature Group Mean 95% CI A FO A 95% CI
Clean 841.5 [704, 936] — —
FO None 670.4 [609, 712] — —
F1 Instantaneous 762.2 [675, 827] +91.8 [+61, +121]
F2 Latency statistics 672.7 [597, 729] +2.3 [—21, +29]
F3 Jitter 668.2 [596, 715] 2.1 [—21, +16]
F4 Loss rate 628.3 [570, 674] —42.0 [—56, —30]
F5 Time since last observation 767.9 [601, 898] +97.5 [—59, +198]
F6 Observation age flag 784.7 [703, 843] +114.3 [+91, +137]
F7 Union 809.4 [698, 890] +139.1 [+84, +186]
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Appendix A.3. CheetahRun x SAC Parametric Channel
Table A3. Per-configuration breakdown for CheetahRun x SAC on the parametric channel.
Feature Group Mean 95% CI AFO A 95% CI
Clean 961.0 [958, 963] — —
FO None 446.0 [435, 457] — —
F1 Instantaneous 444.6 [437, 453] —-1.4 [—11, +8]
F2 Latency statistics 444 .4 [436, 453] —-1.6 [—16, +14]
F3 Jitter 440.9 [431, 453] -5.0 [—20, +9]
F4 Loss rate 409.2 [395, 422] —36.8 [—47, —27]
F5 Time since last observation 448.7 [433, 465] +2.8 [—19, +24]
F6 Observation age flag 461.1 [448, 476] +15.1 [—3, +32]
F7 Union 454.1 [446, 462] +8.1 [—3, +20]

Appendix A.4. FingerTurnHard x PPO Parametric Channel

Table A4. Per-configuration breakdown for FingerTurnHard x PPO on the parametric channel.

Feature Group Mean 95% CI A FO A 95% CI
Clean 969.3 [967,972] — —
FO None 958.9 [955, 962] — —
F1 Instantaneous 958.7 [955, 962] -0.2 [—4, +2]
F2 Latency statistics 957.6 [953, 962] -13 [—3, +1]
F3 Jitter 955.5 [952, 959] -3.3 [—7,+2]
F4 Loss rate 956.0 [952, 959] —2.8 [—7,+1]
F5 Time since last observation 961.6 [958, 965] +2.7 [+0.5, +5.1]
F6 Observation age flag 959.2 [954, 963] +0.3 [—2,+3]
F7 Union 960.4 [958, 963] +1.5 [—1, +4]

Appendix A.5. FingerTurnHard x SAC Parametric Channel

Table A5. Per-configuration breakdown for FingerTurnHard x SAC on the parametric channel.

Feature Group Mean 95% CI A FO A 95% CI
Clean 974.8 [972,978] — —
FO None 564.6 [522, 611] — —
F1 Instantaneous 503.0 [467, 551] —61.6 [—136, +11]
F2 Latency statistics 589.8 [542, 639] +25.2 [—8, +58]
F3 Jitter 575.2 [542, 605] +10.6 [—31, +48]
F4 Loss rate 522.4 [490, 560] —42.2 [—69, —20]
F5 Time since last observation 517.3 [472, 561] —47.2 [—117, +20]
F6 Observation age flag 550.9 [515, 592] —13.7 [—39, +13]
F7 Union 535.8 [509, 560] —28.8 [—69, +10]

Appendix A.6. CheetahRun x PPO ns-3 Channel

Table A6. Per-configuration breakdown for CheetahRun x PPO on the ns-3 channel.

Feature Group Mean 95% CI A FO A 95% CI
Clean 841.5 [704, 936] — —
FO None 538.9 [499, 571] — —
F1 Instantaneous 645.7 [624, 671] +106.8 [+81, +133]
F2 Latency statistics 501.0 [481, 525] —37.9 [—90, +14]
F3 Jitter 556.6 [540, 573] +17.7 [—24, +54]
F4 Loss rate 522.0 [487, 542] —16.9 [—32, —2]
F5 Time since last observation 939.7 [927,952] +400.8 [+379, +434]
F6 Observation age flag 648.2 [618, 678] +109.3 [+61, +167]
F7 Union 870.6 [815, 926] +331.7 [+264, +403]
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Appendix A.7. CheetahRun x SAC ns-3 Channel

Table A7. Per-configuration breakdown for CheetahRun x SAC on the ns-3 channel.

Feature Group Mean 95% CI AFO A 95% CI
Clean 961.0 [958, 963] — —
FO None 473.3 [462, 492] — —
F1 Instantaneous 515.8 [504, 530] +42.5 [+16, +68]
F2 Latency statistics 477.3 [468, 484] +3.9 [—13, +17]
F3 Jitter 484.8 [472, 496] +114 [—5, +27]
F4 Loss rate 357.1 [349, 365] —116.2 [—140, —98]
F5 Time since last observation 564.4 [520, 590] +91.1 [+51, +124]
F6 Observation age flag 518.8 [509, 536] +45.5 [+19, +70]
F7 Union 559.6 [542, 582] +86.3 [+81, +90]

Appendix A.8. FingerTurnHard x PPO ns-3 Channel

Table A8. Per-configuration breakdown for FingerTurnHard x PPO on the ns-3 channel.

Feature Group Mean 95% CI AFO A 95% CI
Clean 969.3 [967,972] — —
FO None 934.0 [913, 945] — —
F1 Instantaneous 955.7 [950, 960] +21.7 [+12, +37]
F2 Latency statistics 952.3 [950, 955] +18.4 [+7, +39]
F3 Jitter 947.8 [943, 953] +13.9 [+2, +31]
F4 Loss rate 947.8 [943, 953] +13.9 [—1, +38]
F5 Time since last observation 956.0 [953, 959] +22.0 [+11, +41]
F6 Observation age flag 949.0 [944, 954] +15.1 [+0.4, +40]
F7 Union 955.1 [954, 957] +21.1 [+8, +44]

Appendix A.9. FingerTurnHard x SAC ns-3 Channel

Table A9. Per-configuration breakdown for FingerTurnHard x SAC on the ns-3 channel.

Feature Group Mean 95% CI AFO A 95% CI
Clean 974.8 [972,978] — —
FO None 636.8 [493, 744] — —
F1 Instantaneous 583.3 [464, 702] —53.4 [-107, —5]
F2 Latency statistics 665.4 [549, 803] +28.7 [—121, +153]
F3 Jitter 578.3 [509, 636] —58.5 [—118, +2]
F4 Loss rate 598.4 [552, 680] —38.3 [—164, +87]
F5 Time since last observation 615.1 [501, 740] —-21.7 [—69, +26]
F6 Observation age flag 627.8 [537,701] —8.9 [—44, +36]
F7 Union 7124 [606, 777] +75.6 [+6, +117]
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