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Abstract

In edge computing, end-to-end job performance
depends on both client-side communication
scheduling and server-side computation schedul-
ing. However, these schedulers are physically
separated and must make online decisions using
only local queue observations. As a result, com-
mon heuristics such as Earliest Deadline First
(EDF) and Shortest Remaining Time First (SRTF)
can be globally suboptimal. We study whether
offline global information can be used to train de-
centralized scheduling policies for online deploy-
ment. We explore two approaches: supervised
imitation of Integer Linear Programming (ILP)
oracle schedules, and multi-agent reinforcement
learning with centralized training and decentral-
ized execution. Across simulated edge workloads,
we show that learned local policies outperform
static heuristics by up to 37% despite having no
access to global state at runtime. These results
suggest that offline global supervision can distill
coordinated scheduling behavior into decentral-
ized policies under partial information.

1. Introduction
Distributed edge applications rely on multiple physically
separated controllers to meet end-to-end latency and dead-
line requirements. In tandem edge scheduling, a job first
waits for client-side communication and then for server-
side computation. Its completion time therefore depends
on queueing and scheduling decisions across both stages.
An optimal scheduler pair would use a global view of the
system, including both queues, job requirements, and future
arrivals.

However, such global context is often unavailable during
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online execution in distributed settings. Controllers may be
geographically separated, and exchanging state through mes-
sage passing can introduce additional latency, and deploy-
ment complexity. As a result, each scheduler only observes
its local queue state and workload characteristics, and relies
on heuristics that optimize local priorities, such as Earliest
Deadline First (EDF) (Liu & Layland, 1973) or Shortest
Remaining Time First (SRTF) (Silberschatz et al., 2018).
While these heuristics are simple and efficient, they are not
designed to optimize global objectives such as application-
level requirements that span both components.

At the same time, real-world deployments can collect abun-
dant offline data that captures complete workload states,
making it possible to compute globally optimized schedul-
ing decisions using full-information solvers. With the help
of simulators, it is also possible to train agents with full
information. This raises the central question of this pa-
per: Can we leverage offline data with global context to
train local policies that execute online using only local ob-
servations, while still optimizing for global objectives? We
study this question in the context of tandem edge scheduling,
where communication and computation schedulers must
coordinate implicitly without online communication. We
formulate the problem as an offline-to-online decentralized
decision-making task: during offline training, policies can
learn from global workload information or full-information
oracle schedules; during online deployment, each sched-
uler must make decisions independently using only its local
state.

We explore two learning-based approaches. First, we train
supervised policies to imitate ILP-generated oracle sched-
ules, distilling globally optimized offline decisions into per-
timestep local scheduling actions. Second, we study multi-
agent reinforcement learning under the centralized-training
decentralized-execution paradigm, where agents can use
global state during training but are restricted to local ob-
servations during deployment. We compare these learned
policies against static local heuristics and evaluate whether
offline global supervision can produce decentralized policies
that improve online scheduling performance.

This paper makes the following contributions:

1



055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107
108
109

From Offline Global Information to Online Decentralized Policies in Edge Network Scheduling

• We formulate tandem edge scheduling as an offline-to-
online decentralized decision-making problem.

• We train local scheduling policies from offline global
decisions, using both supervised imitation of ILP oracle
schedules and multi-agent reinforcement learning with
centralized training and decentralized execution.

• We evaluate learned policies against local scheduling
heuristics under decentralized online deployment, show-
ing that policies trained with offline global context can
better capture cross-scheduler coordination and improve
global scheduling objectives.

2. Background and Motivation
2.1. Tandem Scheduling in Edge Networks
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Figure 1. Edge network job flow.

The rapid growth of emerging mobile edge applica-
tions (Ren et al., 2019; Kang et al., 2022; Mao et al., 2017),
creates increasing demand for ultra-low end-to-end latency
while minimizing deadline misses. In these applications, a
typical job workflow is shown in Figure 1. A job j arrives
at the client at time tstart

j . The communication scheduler de-
cides when the job is transmitted over the uplink, requiring
communication time pcomm

j . After the job is fully received by
the edge server, it enters the computation queue, where the
computation scheduler decides when to process it, requiring
computation time pcomp

j . Once computation completes, the
result is returned to the client with a downlink propagation
delay tprop. The job is considered successful only if it com-
pletes before its deadline dj ; otherwise, it is dropped. The
schedulers can perform early dropping when a job is mathe-
matically unable to meet its deadline. In online deployment,
each scheduler only observes its local queue state, making
global optimization difficult to implement directly.

2.2. Why Local Heuristics Fall Short

In practice, online schedulers often rely on simple local
heuristics. We assume preemptive schedulers, where both
communication and computation can be interrupted and
resumed. Two common scheduling heuristics are Earliest
Deadline First (EDF), which prioritizes the job with the near-
est deadline, and Shortest Remaining Time First (SRTF),
which prioritizes the job with the smallest remaining pro-
cessing time. However, EDF and SRTF optimize local pri-
orities rather than the global objective of the tandem system.
We also run an Integer Linear Programming (ILP) solver
assuming perfect information to serve as an oracle baseline.

It minimizes Cmax + λNdrop, where Cmax is the makespan
(maximum completion time among all jobs), Ndrop is the
number of dropped jobs, and λ is a large drop penalty.
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Comm
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Figure 2. Timeline of heuristic schedulers versus the ILP oracle.
Cross markers indicate missed deadlines

Figure 2 shows an example comparing EDF, SRTF, and
ILP. Under EDF, the communication scheduler prioritizes
transmitting the light green job because it has the tightest
deadline. However, this job requires long communication
time pcomm

j , causing head-of-line blocking in the communi-
cation queue and leaving the computation resource under-
utilized for a long period. Under SRTF, the scheduler pri-
oritizes shorter jobs, improving local resource usage, but it
ignores cross-stage deadline constraints and causes the tight-
deadline light green job to miss its deadline. In contrast, the
ILP schedule uses full workload information to coordinate
communication and computation decisions, reducing both
deadline misses and inefficient pipeline behavior.

These examples show that local priority rules are poor prox-
ies for the global objective: one scheduler’s decision directly
changes the future state observed by the other. Tandem edge
scheduling therefore requires coordinated behavior across
both stages.

3. Design
As shown in Section 2, a full-information ILP oracle can
produce high-quality schedules but requires knowledge of
the full workload trace in advance, making it infeasible
for online deployment. In this section, we formulate the
online decentralized scheduling problem and describe two
approaches for using offline global information to train local
policies: imitation learning from ILP oracle schedules and
multi-agent reinforcement learning with centralized training
and decentralized execution.

3.1. Online Decentralized Tandem Scheduling

Online deployment requires each scheduler to make deci-
sions using only local observations. We formulate the tan-
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dem edge scheduling problem as a decentralized partially
observable Markov decision process (Dec-POMDP) (Bern-
stein et al., 2002), where the communication and compu-
tation schedulers are two agents that act independently at
runtime.

At each decision time t, each agent i ∈ {comm, comp} ob-
serves only its local queue Qi

t. Its observation is represented
as oit ∈ RN×5, where N = |Qi

t| is the number of jobs in
the local queue. Each job j ∈ Qi

t is encoded by the feature
vector [dj − t, ucomm

j , ucomp
j , wcomm

j , wcomp
j ]⊤, where dj − t

is the remaining time until the deadline, ucomm
j and ucomp

j

are the remaining communication and computation times,
and wcomm

j and wcomp
j are the cumulative queueing times in

the two stages.

Given its local observation, agent i selects an action ait,
which indexes a job from Qi

t for processing, or idles when
the queue is empty. The communication scheduler and com-
putation scheduler therefore execute decentralized policies:
πcomm(acomm

t | ocomm
t ), πcomp(acomp

t | ocomp
t ). We optimize

the same objective used by the ILP oracle: Cmax + λNdrop.

This creates an offline-to-online learning problem: during
training, we can use global workload traces, oracle sched-
ules, or simulator feedback; during deployment, each sched-
uler must act independently using only its local observation.

3.2. Imitation Learning from ILP Oracle Schedules

The imitation-learning approach treats the ILP oracle sched-
ule as the label for supervised training. For each offline
workload trace, we first solve the full-information ILP to
obtain an oracle schedule. The oracle specifies, at each time
step, which job should be processed by both schedulers. We
train separate supervised models for communication and
computation.

We consider two supervised imitation formulations: SL-E2E
and SL-Step. In SL-E2E, the model inputs a full job set and
learns to predict the entire communication or computation
schedule in a single forward pass. This formulation is effi-
cient for offline planning, but is less suitable for dynamic
online deployment because it assumes the full workload is
known in advance.

In contrast, SL-Step converts each ILP solution into per-
timestep labeled data. At each time step t, we record the
local observation and the oracle-selected action for each
scheduler: (ocomm

t , acomm,∗
t ), (ocomp

t , acomp,∗
t ). The trained

policy is then deployed online by observing the current local
queue state and predicting the next job to process. It forces
the learned policy to approximate globally coordinated ILP
behavior from local observations, while allowing real-time
adaptation to changing queue states.

Imitation learning has the advantage of directly leveraging

high-quality ILP schedules. However, it also has two limi-
tations. First, ILP schedules may be expensive to generate
for large workloads. Second, supervised imitation relies on
the model’s ability to generalize from oracle-visited states
to new states encountered during deployment, and its be-
havior becomes less reliable when observations are far from
training data.

3.3. Multi-Agent Reinforcement Learning

We also study multi-agent reinforcement learning (MARL)
that bypasses the need for pre-generated ILP labels. Instead,
agents collect training data by interacting with the simulator
and learning from the consequences of their own actions.

We follow the centralized training with decentralized ex-
ecution (CTDE) paradigm. During training, the critic or
value-mixing module can access centralized state informa-
tion as the concatenation of both scheduler local observa-
tions: st = [ocomm

t ∥ ocomp
t ]. During execution, however,

each scheduler observes only its local queue state. At each
decision step, the simulator advances the system state.

To provide denser training feedback while still optimiz-
ing the end-to-end scheduling objective, we use both step-
level and episodic rewards. The step-level reward penal-
izes local queueing delay and projected deadline viola-
tions. For each agent i, we define the base immediate re-
ward as r̂it = −

∑
j∈Qi

(
α1w

i
j + α2 · 1(ej > dj)

)
, where

ej = t+ ucomm
j + ucomp

j + tprop is the earliest possible com-
pletion time of job j. The indicator term thus penalizes
jobs that are already projected to miss their deadline (and
therefore dropped).

Because the communication scheduler affects the compu-
tation scheduler’s future workload, we add an additional
downstream penalty to the communication reward when
jobs in the computation queue are dropped: rcomm

t =
r̂comm
t −

∑
j∈Qcomp

α3 · 1(ej > dj). The computation sched-
uler uses only its base reward: rcomp

t = r̂comp
t . This reward

design encourages the communication agent to account for
downstream computation congestion rather than greedily
optimizing its local queue alone.

At the end of each episode, we also apply an episodic re-
ward aligned with the global scheduling objective: R =
−(β1Cmax + β2Ndrop), The parameters α, β control the
relative weights of queueing delay, makespan, and dropped
jobs.

Using this formulation, we evaluate three MARL al-
gorithms under CTDE: Value-Decomposition Networks
(VDN), QMIX, and Multi-Agent Proximal Policy Opti-
mization (MAPPO). VDN estimates the joint action-value
function as the sum of individual agent Q-values, enabling
decentralized policies to learn from a shared team objec-
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tive (Sunehag et al., 2017). QMIX generalizes VDN by
using a monotonic mixing network, allowing richer joint
value functions while preserving decentralized action selec-
tion (Rashid et al., 2018). MAPPO uses decentralized actor
policies with a centralized critic that observes the global
state during training (Yu et al., 2022).

MARL policies can discover decentralized strategies from
a more flexible search space. However, MARL introduces
its own challenges. The action of one scheduler changes
the future state observed by the other scheduler, creating
a non-stationary learning problem. The reward can also
remain sparse or delayed, since final deadline misses and
makespan are only fully known after all jobs complete.

4. Evaluation
4.1. Data Collection

We construct workload traces from two applications in
Zhang & Kim (2026): file transfer and video transcoding.
Each trace contains six jobs, with three from each appli-
cation. Computation times are measured from cloud runs,
uplink communication times are estimated from packet sizes
using the reported linear model, and downlink delay is mod-
eled as a constant. We collect 1,000 traces and split them
into 700 training and 300 testing traces.
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Figure 3. In-distribution performance comparison.

4.2. In-Distribution Evaluation

We first evaluate policies on held-out test workloads sam-
pled from the same distribution as the training workloads.
Figure 3a compares the objective value across EDF, SRTF,
imitation learning, MARL, and ILP. The learned policies
outperform static local heuristics, showing that offline global
information can be distilled into decentralized online poli-
cies.

We also analyze the pipeline starvation rate, which measures
how often the computation scheduler is idle while waiting
on the upstream communication scheduler. Figure 3b shows
that SL-Step, VDN, and QMIX had lower starvation rates

than the heuristics. SL-E2E and MAPPO performed poorly
and are excluded for visual clarity (see Appendix for full
results).

4.3. Generalization Experiments

We next evaluate whether learned policies generalized be-
yond the training distribution. For evaluation, in addition
to the previous 3-3 test set, we separately sample 300 job
workloads from each of the following file-video splits: 1-5,
2-4, 4-2, 5-1.

SL-Step outperforms the heuristic baselines on the 4-2 and
2-4 splits, which are closest to the original 3-3 training dis-
tribution, but performs worse than the baselines on the more
shifted 5-1 and 1-5 splits. This suggests that SL-Step can
tolerate moderate changes in workload composition, but its
learned policy remains sensitive to larger distribution shifts.
The MARL approaches show a similar trend: they perform
better near the training distribution but degrade as the job-
type mix becomes more imbalanced. Among them, QMIX
exhibits the largest performance variation, suggesting that
its learned value decomposition may be more sensitive to
changes in the relative importance of communication and
computation across workload types.
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Figure 4. Zero-shot evaluation: Models trained only on the 3-3
split and evaluated on all splits.

5. Conclusion and Future Work
This paper studies whether offline global scheduling knowl-
edge can be distilled into online decentralized policies for
tandem edge workloads. We formulate the problem as a
Dec-POMDP and evaluate ILP imitation and CTDE-based
MARL. Our results show that learned policies, especially
SL-Step and value-decomposition-based MARL, can out-
perform static local heuristics and reduce pipeline starvation,
while mixed-distribution training improves generalization
across workload compositions.

Future work will scale the evaluation to larger workloads,
more application types, and more realistic edge deploy-
ments. We are also interested in learning offline global state
representations that expose cross-scheduler dependencies
more explicitly, and in studying simulation-to-real adapta-
tion under latent system factors and measurement noise.
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Impact Statement
This paper presents work whose goal is to advance the field
of Machine Learning. There are many potential societal
consequences of our work, none which we feel must be
specifically highlighted here.
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(a) SL-E2E: SL-E2E performed worse than
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split, even after tuning hyperparameters like
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(b) Supervised Learning Classifiers: MLP
performed best among the three classifiers,
with Random Forest close behind and Lin-
ear SVM lagging substantially. The gap
suggests the decision boundary between
scheduling actions is non-linear, which Lin-
ear SVM cannot capture.
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Figure 5. In-distribution performance comparison.
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Figure 6. Mixed-distribution retraining: Models retrained on all splits and re-evaluated on the hold-out sets. After retraining, both
models improve across nearly all held-out splits.

A. Appendix
We show additional comparison results of in-distribution performance comparison with SL-E2E, various supervised learning
classifiers, and MAPPO in Figure 5.

We also show generalization results with retrain in Figure 6. After retraining, both types of models improve across nearly all
held-out splits. Performance in the 3-3 split decreases slightly relative to the base models, but still outperforms both baseline
heuristics, reflecting the expected tradeoff from training on a more diverse distribution.
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