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EXPERIMENTAL STUDIES OF THE TASK PLANNING METHOD
IN DISTRIBUTED INFORMATION SYSTEMS TAKING
INTO ACCOUNT METADATA UNCERTAINTY

The article is devoted to task planning in distributed information systems under conditions of uncertainty and
incompleteness of metadata regarding the duration of operations, communication volumes, and resource availability.
The subject of the study is the method of task planning in distributed information systems, taking into account the
uncertainty of metadata. The purpose of the article is to experimentally investigate a method for planning tasks in
distributed information systems with uncertain and incomplete metadata, which combines a hybrid graph model
with a three-module artificial intelligence core and provides increased efficiency and robustness of planning while
complying with SLO and RBAC constraints. Research objectives: to form a hybrid representation of workflows
based on a combination of DAG structure and GERT model; to develop a planner architecture incorporating
a GAT graph attention network, a PPO reinforcement learning agent, and a Bayesian Optimization module; to define
an SLO-oriented reward function and constraint system, taking into account RBAC; to create a reproducible
experimental test bed with controlled uncertainty injection; to perform comparative, ablation, and robustness
analysis of the proposed method's productivity relative to the baseline FCFS and HEFT algorithms, as well as
DAG-only and GERT-only variants. Research methods: hybrid graph modeling DAG+GERT, graph attention
network GAT for forming a contextual state representation, PPO agent for making decisions on task placement,
Bayesian optimization for tuning policy parameters, and statistical evaluation methods. Main results. The proposed
method provides a significant reduction in the median task completion time (makespan) compared to HEFT,
DAG-only, and GERT-only, an increase in the proportion of tasks performed within SLO, and a reduction in
weighted average delay, demonstrates "tail compression™ of the delay distribution, and maintains stability of results
in the case of multiplicative noise of durations +20 %, subject to distribution shifts and correlated parameter
deviations. At the same time, planning overhead remains in the millisecond range and does not exceed acceptable
limits for online scenarios.

Keywords: distributed information systems; task scheduling; directed acyclic graph; GERT networks;
graph neural networks; reinforcement learning; Bayesian Optimization; service levels (SLO); access
control (RBAC); robustness.

Introduction

In modern distributed information systems, it is increasingly necessary to plan large sets of
dependent tasks under conditions of variable load, resource heterogeneity, and incomplete input
metadata. For such systems, it is critical to simultaneously minimize the completion time of a set
of tasks (makespan), ensure compliance with service levels (SLO — service level objective),
and take into account role-based access control (RBAC) policies.

Classic planning approaches focus on directed acyclic graphs (DAG), in which vertices
correspond to tasks and edges correspond to dependencies and data exchanges. A broad class
of heuristic algorithms is based on this model, including HEFT (Heterogeneous Earliest
Finish Time) and its numerous variants, which demonstrate high-quality scheduling
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in  heterogeneous computing environments with deterministic estimates of task
and communication durations.

However, in real distributed systems, the duration of operations, the bandwidth
of communication channels, and even the structures of workflows themselves change under the
influence of external factors, and the available metadata is noisy, partially outdated,
or incomplete. This requires robust scheduling methods capable of maintaining acceptable
schedule quality under stochastic and adversarial parameter perturbations. The robustness
of graph schedules is being actively researched, but the vast majority of work is either limited to
static stochastic duration models or focuses on optimizing a single criterion, primarily makespan.

An additional complexity is the need to model not only sequential dependencies, but also
probabilistic branches, repetitions, conditional transitions, and failures inherent in real-world
event processing and telemetry scenarios. For such tasks, it is natural to use GERT (Graphical
Evaluation and Review Technique) networks, which allow the inclusion of branch passage
probabilities and duration distributions in the model, but historically have been used primarily in
project management rather than in operational planning tasks in information systems.

In recent years, intelligent planning methods using graph neural networks and reinforcement
learning have been actively developed to optimize scheduling in complex environments.
A number of approaches have been proposed in which a reinforcement learning agent makes
decisions about the placement of tasks in a DAG, and graph networks (GCN, GNN) or graph
attention (GAT — Graph Attention Network) are used to construct a topology-sensitive state.
Despite significant progress, most of these works either do not take into account the probabilistic
nature of branches or do not integrate SLO requirements and access policies into a single model.

In this work, these problems are solved by combining a hybrid DAG+GERT graph model
with a three-module planner core based on artificial intelligence methods, which allows us to
explicitly describe the uncertainty in the execution structure and task parameters, and to train
an adaptive planning policy focused on SLO and access restrictions.

Literature review

The issue of task scheduling in parallel and distributed systems has traditionally been
considered within the framework of deterministic models, where task durations and exchanges
are fixed or accurately estimated. Classic monographs and reviews [1, 2] focus on building
effective heuristics for DAG representations, including clustering, leaf scheduling, and task
duplication methods.engr.colostate.edu One of the most cited algorithms is HEFT
(Heterogeneous Earliest Finish Time) [3, 4], which provides a good compromise between
schedule quality and computational complexity for heterogeneous environments.
Based on HEFT, a large number of modifications (E-HEFT, Rob-HEFT, PDHEFT, etc.) [5, 6]
have been proposed that take into account load balancing, power consumption,
or specific hardware constraints.

However, deterministic models poorly reflect the dynamics of modern distributed systems,
where task durations and network delays depend on current load, queues, and external factors.
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This has led to the development of robust planning [7, 8], which considers stochastic or interval
durations, and the quality of the schedule is evaluated not only by the expected makespan, but
also by the distribution of this indicator, slack, and sensitivity to disturbances. A number
of robustness metrics and corresponding heuristics have been proposed, particularly for network
and cluster environments, but most approaches remain static and do not use online policy
updates based on telemetry [9].

A separate class of works [10, 11] is devoted to the application of deep reinforcement
learning (DRL) to DAG planning problems in cloud and cluster systems. In these works, the
DRL agent learns on a simulated environment or real telemetry to minimize makespan, energy
consumption, or combined criteria.

A number of studies [12, 13] demonstrate the advantages of DRL approaches over classical
heuristics under variable load conditions, but most of them rely on pure DAG models and do not
take into account probabilistic branches, failures, or cyclic fragments of workflows.

In parallel, graph neural networks (GNN) [14, 15] are being developed for planning and
optimization tasks. Schemes are proposed in which GCN or GAT modules build representations
of task graphs (job shop, workflow, access network), and these representations are then used
either as a heuristic function [16] or as a policy component [17]. It has been shown that GNN
approaches scale better with respect to graph size and topology complexity than classical tabular
or manually designed features. However, most works work with deterministic DAG structures
and do not use the combined power of stochastic networks such as GERT to model uncertainty.

GERT-type networks [18] were historically developed for analyzing stochastic networks in
project management and operations research problems. They allow modeling the probability
of branch traversal, as well as the distribution of time or other additive attributes on edges,
making them a natural tool for describing complex technological schemes with branches and
cycles [19]. Despite this, the use of GERT in the context of task planning in distributed
information systems remains limited, and the combination of GERT with modern
GNN/DRL methods has hardly been explored.

Another important component of real-world systems is access policies, which determine
which tasks can be performed on which resources. The most commonly used formal model here
is role-based access control (RBAC), standardized by NIST and widely implemented in
corporate environments [20]. In parallel with this, the area of service reliability engineering has
developed an established practice of operating with service indicators and service level
objectives (SLOs), which serve as the basis for making decisions about operational
trade-offs [21]. Existing works on DRL planning largely lack the integration of SLO-oriented
metrics and RBAC constraints into a single learning framework.

Thus, analysis of the literature reveals the following gaps:

- Insufficient use of stochastic networks such as GERT to model uncertainty in the structure
and parameters of workflows.

- Limited integration of graph neural networks and DRL agents with GERT representation in
planning tasks.

- Almost complete absence of works in which the planning policy is simultaneously
optimized for makespan, SLO-oriented indicators, and compliance with RBAC constraints.




The purpose of the article is to experimentally investigate a method for planning tasks in
distributed information systems with uncertain and incomplete metadata, which combines
a hybrid graph model with a three-module artificial intelligence core (GAT, PPO, Bayesian
optimization) and provides increased efficiency and robustness of planning while complying
with SLO and RBAC constraints.

To achieve this goal, the following main tasks are solved.

1. Form a hybrid model of work processes based on a combination of a DAG structure with
a GERT network, which allows simultaneously describing deterministic dependencies,
probabilistic branches, repetitions, and failures.

2. Develop a scheduler architecture in which a graph attention network (GAT) builds
a representation of the system state, a deep reinforcement learning agent (PPO) makes decisions
about task placement, and a Bayesian optimization module performs automated tuning
of hyperparameters and threshold criteria.

3. Formulate an SLO-oriented reward function and constraint system that simultaneously
considers makespan, deadline probability, and compliance with RBAC policies.

4. Build a reproducible experimental testbed with controlled load scenarios,
metadata uncertainty models, and sets of baseline algorithms (FCFS, HEFT, simplified
GERT/DAG modes) for comparison.

Conduct a comprehensive experimental analysis, including assessment of robustness to
parameter perturbations, ablation analysis of the contribution of individual modules (GAT, PPO,
BO), and statistically sound comparison with baseline approaches.
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Main part

1. Formulation of research hypotheses,
experimental design, and performance indicator system

Let us begin with some terminological explanations. In this study, metadata is understood
as all parameters that describe the behavior of tasks and operations in the DAG+GERT model and
are transmitted to the scheduler as input information. Formally, the set of metadata is defined by:

M ={z,,07.c;, py 1. D, W, RBAC, |,

where: 7, — task duration estimation;

o} — dispersion or other statistical characteristics of duration;

c; — cost or delay of data transfer between tasks i—y;

p; — probability of transition in the GERT branch;

I, — task requirements for resources;

D, —local deadline;

w, —weight coefficient of the task for calculating the delay;

RBAC; —access policies and restrictions on task execution.




Also, in the work, metadata uncertainty is defined as the deviation between the actual
parameters of task execution and their nominal (expected) values used in planning.
Formally, uncertainty is specified by the perturbation operator:

M'=M o(1+A),

Aemomamu3zoeani cucmemu ynpasiinua ma npunaou asmomamuxu. 2025. Ne 4 (187)

where A —a random or adversarial value that models errors in the input parameters.

We will formulate research hypotheses around the key properties of the method and
formalize these hypotheses in mathematical form. Let M be the makespan, R be the proportion
of tasks completed within the target SLOs, L be the weighted average delay, ® be the overhead
costs of planning, and S be the scalability (acceleration) index. Let the index our denote
the proposed method, and base denote the base algorithm (HEFT, DAG-only, or GERT-only).

A reduction in the completion time of a set of tasks (makespan) is expected compared to the
base algorithms for priority selection and resource allocation. The corresponding hypothesis
predicts a statistically significant reduction in the median and upper percentiles of makespan for
the proposed method compared to the FCFS (first-come, first-served),

List Scheduling, HEFT (heterogeneous earliest finish time), and "pure™ settings using only
DAG or only GERT.

This hypothesis can be formalized mathematically using the following semantics.

median(M ,, ) < median(M ... ),

our

F.l(0.95) < F ;2

or bace( 0.95).

That is, our method should reduce not only the median but also the "tails" of the makespan
distribution, which is consistent with the stated hypothesis.

1. We expect to see an increase in deadline reliability, i.e., an increase in the proportion
of tasks completed within the specified SLOs under the same resource constraints; this
hypothesis is evaluated both at the aggregate level and in terms of task subclasses.

1 N
R = @(C <D P Ry

2. Itis assumed that the average decision-making time by the planner (planning overhead)

remains acceptable for online scenarios and does not conflict with the delay requirements

in queue control loops.
1S,
an
®our: E;tkp < ®max'

3. The advantage of the method should be preserved under conditions of adversarial
or random metadata perturbations, including errors in estimates of task durations, GERT branch
probabilities, and inter-stage communication costs, as well as in the presence of computational
resource productivity drift. We formalize this hypothesis as follows.

Let the noise injection operator:

r=7,(1+&,).&~U[-a,a].
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Then robustness is formulated as:
M () - M (0)
M (0)

R(a)=R(0),
Four (0.95,0) < F

our base

AM (a) = <eg,

(0.95,a).

4. Predictable scalability is expected. With increasing graph size (number of nodes and
edges, level width) and resource pool, productivity degradation should be moderate, and
planning costs should be no worse than quasi-linear in typical load ranges.

Let's define:
M (1
M(N)
In this case, the hypothesis takes the form:
Sour(N)Z S base(N)'
49 0.

dN

That is, as the number of resources increases, the method retains its advantage, and overhead
costs increase slightly (quasi-linearly). The compliance of the generated schedules
with access policies in inter-system scenarios, in particular the role-based access control
(RBAC (role-based access control)) model, is checked separately, without a significant
deterioration in key indicators.

The experimental design combines synthetic and real-world scenarios. Synthetic instances
allow for systematic variation of graph topology (density, depth, level width), GERT branch
duration and probability distribution parameters, and inter-node transmission costs; this enables
separate study of the impact of each factor. Realistic scenarios simulate the integration
of subsystems with heterogeneous task flows and different access policies. For such cases, SLOs
are preset for subsets of tasks to evaluate deadline reliability in practically meaningful conditions.

Each experiment is run in a reproducible environment with fixed random seeds and is
repeated on a set of independent instances. The results are aggregated both by average
characteristics and by distributions. The comparison is made with basic methods (FCFS, List
Scheduling, HEFT, "DAG-only", "GERT-only") and with ablation variants of the approach
itself, where GAT, PPO, or BO components are disabled in turn, allowing the contribution
of each module to be quantified.

Since graph topologies, metadata parameters, and uncertainty injection modes vary
in experimental scenarios, it is advisable to present them in a single formal model. Let each input
instance of a workflow be described by a directed graph

G=(V,E),
where for each task i€V,, the nominal duration 7;, local deadline D,, weight coefficient w,,
resource requirements, and, if there are GERT branches, transition probabilities p; are specified.

Communication costs between tasks are described by values c;.




To model uncertainty, graph parameters undergo controlled changes. Task durations vary
according to a multiplicative model:

r=7,(1+¢&;), £i~U[-a,a],
which corresponds to situations where estimates come from incomplete or noisy metadata.

In the GERT component, for nodes with branching, the probability vector is modified with
subsequent normalization:
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Pi (1+ i )
Zker(i)p ik(1+ 77ik)

which reproduces the instability of work flow statistics.
The cost of communications is disturbed lognormally:

c;i=C;exp(&y ), £y~ LN(0,6%),
which is consistent with empirical delay profiles in heterogeneous computing environments.
To reproduce correlated parameter deviations within graph levels, a Gaussian copula is used:
(&-.-.&,) ~Copula, p=0.3.

The performance indicator system is based on the principle of distinguishing between
primary criteria and secondary (diagnostic) characteristics. Primary criteria include: total
completion time (makespan), deadline reliability (the proportion of tasks completed on time),
and weighted average delay, which reflects the importance of different task classes through
weighting coefficients. Secondary indicators include throughput and average task residence time
in the system (flow time), degree of resource load balancing (through dispersion/variation
coefficients), resource utilization percentiles, planning overhead (decision time per task or
cycle), and total communication cost of inter-stage transfers. For comprehensive interpretation,
empirical cumulative distribution functions (ECDF) are used for both makespan and overruns
and delays, as well as coordinated sets of graphs.

Uncertainty modeling, necessary for robustness assessment, is performed through controlled
injections of metadata perturbations. In particular, multiplicative noise of durations in
characteristic ranges (x10-30 %), perturbations of GERT branch probabilities with
normalization, drift of resource productivity over time, and variations in communication costs
are used. Additionally, the stability of conclusions is verified by substituting duration
distribution laws while preserving the first moments (e.g., Gamma < Weibull) and in the
presence of correlations between tasks within the same graph level. A Gaussian copula with
a moderate correlation coefficient is used for a compact description of the correlation structure.
Thus, the experimental program covers both noise scenarios and more severe “distribution
shifts”, which corresponds to the practice of real systems with incomplete or outdated metadata.

The statistical methodology involves the use of non-parametric criteria for paired and
unpaired comparisons (Wilcoxon, Mann-Whitney criteria) in combination with effect size
estimation (Cliff's 6) and confidence interval (CI) construction using the bootstrap method with
a sufficient number of replications. The Holm-Bonferroni procedure is used to control for
multiple comparisons. The significance level is set at 0.05 with the reporting of exact p-values
and corresponding ¢ . All experiments are performed in a "fixed environment™ with complete

p'ij: '77ij~U[_ﬂy,B],




fixation of library versions and data generation scripts. Machine-readable reproduction
configurations are stored for each graph and table. This organization not only
ensures reproducibility and independent verification of results, but also allows for transparent
interpretation of the contribution of individual components of the method to the
overall improvement of performance.
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2. Architecture of the experiment planner prototype

The prototype implements a hybrid planning architecture that combines a directed acyclic
graph (DAG) for deterministic dependencies between tasks and a graph-evaluation network
modeling (GERT) technique for probabilistic branches and retries. Logically, the system consists
of three layers: a metadata preparation and policy control layer, a planner core, and
an execution/telemetry layer. Figure 1 (prototype diagram) shows the interfaces with the
subsystems formed in [20, 21].

Metadata preparation and policy control layer

“Data type processor” General entity analyzer Entity Type Analyzer

Scenario/data (normalization, enrichment) (attribute unification) (Attribute Profiles)

Agreement on the submission of DAG+GERT+

Access policy coordination (RBAC) and candidate filtering nodefedge labels

U

Planner core
GAT module - context encoding - PPO Agent — Online Appointments — Bayesian optimization (BO) - fine tunin
prioritization Balance/Deadlines y P g
Status buffer and intervention log ‘ Module switches (GAT/PPO/BO) ‘ Metric results ‘
\ \ \

\

Execution and telemetry layer

Resource/network simulator Injection of uncertainty (noise, drift, Telemetry collection (ECDF, percentiles,
(heterogeneity, latency) communication costs) Cl)

Reference methods }

Fig. 1. Architecture of the prototype experiment design

The metadata preparation layer contains interfaces to the “data type processor”, which,
according to [20, 21], provides two coordinated channels:

— general entity analysis for normalizing input job descriptions;
— specialized entity type analyzer for enriching tasks with profile attributes.




At this stage, a unified representation of the task queue is formed in the form
of DAG+GERT together with a feature vector for each node and edge. Node features include
(with abbreviations expanded on first use):

— apriori duration estimates (mean and variance);

— level/path identifiers;

— input/output degrees;

— resource requirements;

— local deadlines;

— access policy labels (RBAC (role-based access control)).

Edge features include GERT branch probabilities, expected exchange volumes, and

Aemomamu3zoeani cucmemu ynpasiinua ma npunaou asmomamuxu. 2025. Ne 4 (187)

transmission costs between stages. In this layer, access policies between subsystems are checked
for consistency (hierarchical rules, if necessary), after which only those candidate placements
that do not violate the constraints are transferred to the scheduler. The core of the planner is built
as a pipeline of three complementary artificial intelligence modules.

The first module is a graph attention network (GAT), which performs contextual encoding
of readiness subgraphs based on node and edge features and provides priority/risk assessments
for nodes at the execution front.

Unlike classical graph filters, attention mechanisms allow differentiating the contribution
of different dependencies, which increases the accuracy of identifying critical subpaths in the
presence of probabilistic branches.

The second module is a proximal policy optimization (PPO) agent, which makes online
decisions about assigning readiness tasks to available resources, maximizing utility while taking
into account deadlines, balancing, and current telemetry states.

The third module is Bayesian optimization (BO), which operates at a slower pace as a global
fine-tuner. It periodically reviews policy parameters (threshold rules, weight coefficients,
selection temperatures) and selectively rebuilds assignments for large batches or when load
modes change. The components interact through standardized state buffers and an intervention
log; for the sake of experimental discipline, ablation "kill switches" are provided, allowing GAT,
PPO, or BO to be turned off and thus quantitatively assess the contribution of each module.

The execution and telemetry layer implements a reproducible test bed. The execution side
simulates a heterogeneous computing environment with parameterized node speeds, network
channel latencies, and the ability to inject perturbations (duration noise, productivity drift,
communication cost changes).

The telemetry subsystem collects time series and event logs (queues, assignments,
migrations, transfers), aggregates performance metrics, and stores machine-readable
configurations of each run for reproduction (session IDs, library versions, input graph instances).
Two modes are provided: offline planning (building a schedule for a given set of tasks) and
online planning (a continuous stream with controlled arrival intensity), which allows evaluating
both static and operational properties of the prototype.

Particular attention is paid to correct integration with access policies. Before each
assignment step, candidates are filtered according to roles and contextual rules (RBAC), with




verification performed before the PPO agent makes a decision to avoid unjustified "rollbacks"
due to violations of restrictions. In cross-system scenarios, information about trust relationships
between security domains is imported during the metadata preparation phase and becomes part
of the node/edge features. This allows GAT and PPO to inherently consider access policies in the
utility function without post-factum penalties.

Finally, the prototype contains a set of basic comparison methods implemented in the same
queue and telemetry interface: order by arrival time, heuristic lists, heterogeneous earliest
completion time, as well as "pure” settings with only DAG or only GERT.

The unity of interfaces guarantees the correctness of comparisons: all algorithms receive
identical input instances, access policies, and uncertainty injection modes, and the results are
measured by the same telemetry tools.

This architecture and test bench design ensures transparent mapping from hypotheses and

indicators to experimental results, which will be presented in the following sections.
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3. Comparison methods, ablation analysis, and training protocol

To correctly evaluate the proposed approach, a single experimental framework was used,
within which all algorithms receive identical instances of input graphs, identical access policies,
and identical uncertainty injection modes.

The comparison covers both established basic methods and variants of the approach itself
with deliberately disabled components (ablations), which makes it possible to isolate the
contribution of each module.

The following methods serve as the main elements of prototyping.

1. FCFS (first-come, first-served). Placing tasks in order of arrival when
resources are available.

2. List Scheduling. Heuristic planning based on a readiness list with topological order
and the earliest possible completion rule.

3. HEFT (heterogeneous earliest finish time). Ranking nodes by "ascending rank"
and assigning them to a resource that minimizes the expected completion time, taking into
account heterogeneity.

4. "DAG-only". A scheduler that ignores probabilistic branches and repeated passes,
modeling only deterministic dependencies.

5. GERT-only. A variant without an explicit critical DAG structure, in which decisions are
based on local probabilistic estimates of branches.

All basic methods are implemented in a common queue and telemetry interface.
This eliminates discrepancies in communication cost models, access rules, or resource limits.

To evaluate the contribution of individual components, an ablation analysis was performed:
Full (GAT+PPO+BO) configurations were compared with variants with one of the modules
disabled (-GAT, -PPO, -BO).

For each configuration, we calculate the median completion time for all scenarios and
normalize it to the Full median (taken as 1.0).
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Figure 2 shows the relative values along with 95 % bootstrap confidence intervals
(B =2000). Values less than 1.0 indicate improvement, while values greater than 1.0 indicate
degradation relative to Full. Statistical conclusions are made according to the bootstrap-Cl
protocol. At the same time, checks are based on Cliff's & and permutation tests.

Relative median makespan (! is better)
o
o

Full -GAT -PPO -BO

Fig. 2. Histograms of ablation analysis and relative median makespan with bootstrap intervals

As can be seen from the figure, the presence of PPO makes the largest contribution to the
gain, while the impact of BO is moderate but consistently positive in all scenarios.

To quantitatively measure the contribution of each module of the proposed approach, three
main ablations were formed.

1. "GAT". To implement this scenario, the graph attention network is disabled, and node
features are aggregated using a simple average over the neighborhood. In addition,
the prioritization of the execution front is set by static indicators—Ilevelness and local slack.

2. "PPO". To implement this scenario, proximal policy optimization is disabled.
The assignment is performed by a deterministic greedy rule based on current importance
estimates returned by the prioritization module.

3. "BO". To implement this scenario, Bayesian optimization is disabled. Policy parameters
and threshold coefficients are fixed at their initial values.

Where relevant, ablations are combined in pairs, allowing us to distinguish between the
effects of representation (GAT), online adaptation (PPO), and slow global reconfiguration (BO).
All modes use the same invalid-action masking. Decisions that violate RBAC (role-based access
control) are not generated or rewarded, which avoids confusion due to rollbacks.

The state submitted to the metadata preparation and policy control layer includes the
features of nodes and edges of a single DAG+GERT representation. These are predicted
averages, duration variances, node “criticality” (GAT rating), slack relative to the local deadline,
input/output degrees, resource queue delays, estimated data transfer costs, and aggregated
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resource utilization metrics. The action to be performed in this case is to select the pair
"ready task — allowed resource".

Masking procedures cut off resources that are prohibited by access policies or overloaded in
terms of reception capacity.

The reward function is formulated in increments (per-step). This can be a negative penalty
for an increase in the total weighted delay, a bonus for completing tasks before the deadline,
a penalty for migrations and for blocking critical chains. This form of reward ensures training
stability and correlates with primary metrics (makespan, deadline reliability).

Training takes place in two phases. In the first (preliminary "simulation” tuning), the GAT
module is initialized on synthetically generated graphs by labels induced by HEFT/critical path.
The network learns to reproduce the prioritization of the execution front. This reduces
convergence time and decreases gradient dispersion in subsequent reinforcement learning.

In the second phase, reinforcement learning is performed using PPO. A discount
factor of »=0.985 is used. Advantages are evaluated using generalized advantage
estimation (1~0.95). Policy updates are pruned with a parameters~0.2, with low entropy
regularization (to avoid early policy "freezing").

Training is organized in a series of episodes on mixes of graphs of different sizes. For each
configuration, a set of fixed random seeds (at least ten) is applied, and early stopping is
controlled on a validation subset based on the criterion of no improvement in the main metrics.
BO (Bayesian optimization) runs asynchronously in a slower cycle. Periodically, after
accumulating a sufficient amount of telemetry, it updates the policy meta-parameters (reward
component weights, selection temperatures, replanning limits) according to a Gaussian process
model with mixed space (continuous and discrete variables) and a cautious acquisition criterion
(expected improvement with a limit on the frequency of interventions).

The following strategies are used to avoid overfitting.

— Scenario mixing strategies (mix of sizes, densities, and degrees of uncertainty within
a single batch of episodes).

— Domain randomization of communication cost parameters.

— "Frozen" validation graphs on which "fine" tuning is not performed.

All results are presented as averages across repetitions with 95 % confidence intervals.
Environment configurations, randomness seeds, control hash sums of graph sets, and code
versions are stored for reproduction. The same protocol also establishes procedures for fair
comparison: identical planning time limits per step, identical restrictions on replanning, and
identical episode/iteration budgets for all algorithms.

The convergence dynamics of the RRO agent training are shown in Fig. 3.

The method demonstrates faster convergence and a higher level of reward stabilization.
The ablation curves lie lower throughout the training. The narrowing of confidence intervals by
the end of the episodes indicates the reproducibility of learning dynamics across different seeds.
This is consistent with the protocol, where prioritization (GAT) and online adaptation (PPO)
reduce the variance of decisions.
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Taken together, this organization ensures that the dynamic gains of the proposed approach
are not an artifact of settings or “lenient” experimental conditions, but result from
the real contribution of graph representation (GAT), online policy adaptation (PPO),
and global fine-tuning (BO).

—— Full method
-GAT

120{ — PO

100 A

80

Average reward

60 -

40 -

T T T T T
25 50 75 100 125 150 175 200
Episodes

Fig. 3. PPO agent training convergence curves

4. Modeling metadata uncertainty and robustness verification protocol

One of the important tasks in the modeling process is to develop a reproducible testing
procedure that shows how the proposed method behaves in the presence of errors, omissions, and
"shifts" in metadata. Robustness is interpreted as maintaining an advantage over basic
approaches in terms of primary indicators under controlled disturbances, as well as moderate
sensitivity of planning overhead to such disturbances.

The verification is performed on a prototype whose architecture is shown in Fig. 1.
On this prototype, uncertainty is injected into the unified DAG+GERT representation before
the decision-making stage.

As we can see in Fig. 4, there is a monotonic increase in losses with increasing noise levels.
The communication component is the most sensitive, while productivity drift has a moderate
impact. In the range under consideration, the changes remain clearly small (= 1-6 %), which
confirms the robustness of the method in accordance with the specified criteria.

The nominal configuration is considered to be one in which the estimates of work durations,
inter-stage transfer costs, and GERT branch probabilities are derived from a "data type
processor” with prior entity analysis (see Section 2) and have undergone access
policy reconciliation (RBAC, role-based access control). All deviations are interpreted
as experimental factors.
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Tests are conducted in two modes.

1. With the preliminary analysis block enabled (full architecture).

2. Without preliminary analysis.

This provides a basis for evaluating the contribution of preliminary metadata normalization.

+10%

+20%

+30%

Durations GERT probabilities Communications CPU drift

Fig. 4. Relative losses of median makespan under uncertainty injection

Uncertainty classes and injection mechanisms cover, first, noise in the duration of
operations. For each operation, a multiplicative perturbation € =t(1+m), where

m~U [-a,a]ia €{0.10;0.20;0.30} is used. This choice allows for a direct interpretation

of uncertainty levels as + 10/20/30 % of the baseline estimate.

Second, the error in the probabilities of GERT branches is taken into account.
The probability vector at each branch is subject to stochastic transformation with subsequent
normalization (Dirichlet reconfiguration with preservation of component order under small
perturbations). Third, the uncertainty of network parameters is modeled.

The transmission cost between stages is perturbed by a lognormal multiplicative
component, which corresponds to the empirically observed asymmetry of delays in
heterogeneous environments.

Fourth, the drift of computing resource productivity over time is reproduced in the form
of piecewise-constant changes or a weak autoregressive process (AR(1)) with a small
memory coefficient.




This allows us to evaluate the stability of online policy adaptation. Fifth, "fuzzy" weights are
introduced to measure sensitivity to task importance weights. Each weight coefficient w; varies
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in the interval [0.75w;,1.25w, ], which is consistent with the practice of prioritization at the

service requirements level.

Resistance to distributional shifts is checked separately. The basic distribution of durations
is replaced by an alternative one with preservation of the first moments (moment matching).
Gamma < Weibull pairs are used to reproduce changes in the shape of the tail without changing
the mathematical expectation and variance.

To account for inter-task dependencies, correlation structures are introduced within graph
levels using a Gaussian copula with a moderate correlation coefficientp = 0.3.

This construction allows us to move from isolated noises to more realistic scenarios
of "coordinated” parameter deviations.

It should be noted that this evaluation procedure is consistent with the system of indicators.
For each combination of uncertainty factors, distributions of total completion time (makespan),
deadline reliability, weighted average delay, and planning overhead costs are collected.
The results are presented as differences from the nominal mode with 95 % confidence intervals
(CI) estimated by bootstrapping with at least B = 1000 replications. Nonparametric criteria
(Wilcoxon/Mann-Whitney) with Holm-Bonferroni correction for multiple tests are used
for statistical comparison.

Empirical cumulative distribution functions (ECDF) and box plots with medians and
percentiles are plotted graphically, allowing simultaneous assessment of changes in both central
tendencies and tails.

Acceptability criteria are set in advance and do not depend on specific graph instances:
the method is considered robust at the o level (noise level) or for a given pair of distributions if

— the decrease in deadline reliability does not exceed a pre-agreed threshold of several
percentage points relative to the nominal value;

— the change in the median makespan does not exceed the confidence interval of the
nominal mode;

— planning overhead does not show a significant increase (i.e., remains within the specified
operational limits).

To avoid confounding, all algorithms, including databases, operate under the same time
constraints per planning step and under the same rules for "masking unacceptable actions”
(decisions that violate RBAC are not generated).

Finally, a block test plan is used to separate sources of sensitivity from their interactions.
For each noise intensity level (o), the effects of distribution changes and correlation introduction
are evaluated separately, and the results are then aggregated using stratified bootstrapping.
This protocol allows conclusions to be drawn not only about "average™ robustness, but also
about worst-case scenarios, which is critical for practical deployments in heterogeneous
and cross-system environments.
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5. Experimental results, comparative analysis, and discussion

In accordance with the research hypotheses and the system of primary and diagnostic
indicators (makespan, proportion of tasks completed within the SLO (service-level objective),
weighted average delay, throughput, planning overhead, etc.), a series of tests was conducted
on a prototype with a hybrid DAG+GERT architecture and three artificial intelligence
modules (GAT (graph attention network), PPO (proximal policy optimization),
BO (Bayesian optimization).

The comparison was carried out in a single experimental framework with basic methods
(FCES, List Scheduling, HEFT, "DAG-only", "GERT-only") and ablation variants
(without GAT, without PPO, without BO), which made it possible to isolate the
contribution of each module.

Stability was assessed using a robustness testing protocol. In accordance with this protocol,
multiplicative duration noise was defined within the range (£ 10-30 %), and GERT branch
probability perturbations were normalized. In addition, lognormal variations in the cost
of inter-stage transfers, resource productivity drift, and scenarios with a change in the
distribution law (Gamma < Weibull) and correlations o = 0.3 were assumed.

The experiments were performed in offline and online modes on a reproducible test bench
with fixed seeds and configurations.

When forming sets of tasks and measurement modes, we used mixtures of DAG+GERT
graphs with different depths, level widths, and densities, as well as sets close to real scenarios
of subsystem integration with fixed SLOs for subsets of tasks.

For correct comparison, each algorithm received identical graph instances, the same access
policies (RBAC), and uncertainty injection modes. The results were aggregated over independent
repetitions with 95 % confidence intervals and multiple comparison control.

Comparisons with baseline approaches yielded the following results. On the generalized
sample, the proposed comprehensive method (GAT+PPO+BO) reduced the median makespan
relative to HEFT by =~ 14-17 % (A95-th percentile ~21-28 %), relative to "DAG-only"
by ~ 23-26 %, relative to "GERT-only" by = 18-22 %.

For the allocation procedures historically used in Section 3 (Random, Greedy),
the advantage was =~ 32 % and =~ 19 %, respectively (consistent with Table 3.3, where BO
demonstrated 35.2 s versus 51.5 s and 43.7 s).

Fig. 5 shows the comparison curves of the time characteristics of completing operations with

HEFT, "DAG-only", and "GERT-only" modes.
As can be seen in Fig. 5, the curve characterizing the results of the proposed method is

systematically shifted to the left, which means shorter completion times for most instances.
The difference from the baseline approaches persists in both the median and upper percentiles.
Such "tail compression” directly supports the hypothesis of makespan reduction.
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Fig. 5. Results of the study of time characteristics of completing operations with HEFT, "DAG-only",
and "GERT-only" modes

The differences are statistically significant according to the Mann-Whitney
method (p <0.01) with an average CIiff's o within the range of 0.33-0.54 depending
on the subset of graphs, which corresponds to the "medium-noticeable” effects according
to the protocol defined in 4.1. Box plots of the weighted mean delay are shown in Fig. 6.
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Fig. 6. Comparison of weighted mean delay (box plots with notch-Cl and marked mean)




As can be seen in Fig. 6, the median and spread of delays for our method are significantly
lower than for HEFT and "pure™ settings, as well as for simple scheduling rules (FCFS, List).
Narrowed "notch™ depressions further indicate the stability of the effect in different scenarios.

When determining the reliability of deadlines (SLO) and delay, the following can be
determined. The proportion of tasks completed within their SLO increased by + 8.7 percentage
points compared to HEFT and by +12.4 percentage points compared to "DAG-only".
The weighted average delay (with priority weights) decreased by 1.6-1.9 times
(median; A95th percentile — by 1.9-2.3 times).

Research on planning overhead costs showed the following. The average decision time at
the planning step was =~ 2.1 + 0.4 ms (offline) and = 3.0 + 0.6 ms (online) per task, which does
not exceed the queue control loop delay budget and is compatible with the test bench modes.
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The cost of BO updates was sporadic (background “thin” reconfigurations, not on the critical
execution path), as expected by the architecture.

Ablation analysis showed that disabling GAT (without changing the rest) led to
a deterioration in the median makespan by =~ 8-11 %; turning off PPO — by ~ 13-17 %
(significant increase in delay in "peak™ graphs), turning off BO — by =~ 3-6 % (losses mainly in
the "long tails™ of distributions). Taken together, this confirms the working hypothesis that the
gain is the result of a combination of graph representation, online policy adaptation, and periodic
global fine-tuning.

It is also necessary to describe the qualities of the model in determining robustness
to uncertainty. With multiplicative noise of durations = 20 %, the change in the median
makespan did not exceed the 95 % CI of the nominal mode. The decrease in the proportion
of tasks completed in SLO did not exceed 2-3 percentage points.

With “distribution shifts” (Gamma <« Weibull, moment matching), the differences were
within the statistical error; with correlated deviations (0 =0.3 within levels), no more
than + 4-6 % to the 95th percentile of makespan was observed.

All tests were performed in full compliance with the robustness verification protocol,
including two metadata preparation modes (with/without preliminary analysis).

The results of the study show that the addition of RBAC constraints (filtering of candidates
for decision-making) did not lead to a statistically significant deterioration in key indicators.

This is consistent with the place of inclusion of checks in the planner pipeline.

In the studied range of graph sizes, a quasi-linear dependence of planning overhead on the
number of nodes on the readiness front was observed. The degradation relative to the nominal
value did not exceed = 1.15x for the largest instances.

The uniformity of the comparison interfaces ensured the correctness of the conclusions
regarding scalability.

Fig. 7 shows a graph of the dependence of planning time per step on the number of nodes in
the graph. The dependence is described by a quasi-linear model with a small slope, which
confirms the suitability of the approach for online modes.




Even for the largest graphs tested, the predicted increase in planning time remains within the
millisecond budget.
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Fig. 7. Graph showing the dependence of scheduling time per step on the number of nodes in the graph

The graphs showing the dependence of operation completion time on the number
of resources, acceleration on the number of resources, and efficiency on the number of resources
are presented in Figures 8-10, respectively.

As can be seen from the figures, with an increase in the number of resources, there is
an expected decrease in makespan. The nature of the curve indicates the presence of typical
risks. These are overhead planning and communication costs, which explains the deviation
from the linear scale.

From Fig. 9, it can be seen that the actual acceleration increases sublinearly and lags
significantly behind the ideal due to coordination overhead and limited front parallelism.
This corresponds to architectural constraints and the behavior of combined DAG+GERT graphs.

Fig. 10 also shows that efficiency decreases with an increase in the number of resources,
which is consistent with the emergence of competition for shared resources and an increase
in synchronization costs. Even with a drop in efficiency, the method retains a positive effect on
absolute completion time metrics (see Fig. 8).

Fig. 11 illustrates the graph of the dependence of the proportion of tasks in SLO on
the task size factor.

As can be seen from this figure, with a proportional increase in load and resources, the SLO
completion rate decreases moderately (= 0.90 — ~ 0.82), while for small multipliers it remains
within the target line.

The deviation area identifies the zone where it is advisable to strengthen the replanning
policy or communication budget.




Thus, the results obtained consistently confirm the hypotheses put forward that the proposed
method allows:

— to reduce makespan and "compress the tails" of delay distributions compared to the
well-known, classical formulations of the problem;
— increase deadline reliability without an unacceptable increase in planning overhead;

— maintain an advantage in the case of controlled metadata disturbances and
distribution changes;

— integrate with access policies in inter-system scenarios.
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The contribution of individual components (GAT, PPO, BO) was quantitatively determined
by ablation analysis, and the reproducibility of the conclusions was ensured by a standardized
test bench and statistical protocol.

Conclusions

Comparative studies of the planning method in the hybrid DAG+GERT model with
GAT/PPO/BO modules were conducted on a reproducible test bench, with standardized sets of
scenarios, uncertainty level control, and a single interface for comparison with basic algorithms.
Based on the results obtained, the following was established.

On a generalized sample, the proposed method reduces the median completion time
(makespan) by approximately 14-17 % relative to HEFT, by 23-26 % relative to "DAG-only",
and by 18-22 % relative to "GERT-only" the improvement also extends to the upper
percentiles (95th) of the distribution. The cumulative effect is confirmed by nonparametric
tests (Mann-Whitney, p < 0.01) and Cliff's & effect size in the range from 0.33 to 0.54.

The share of tasks completed within the service level objectives (SLO) increased
to 12.4 percentage points (pp). The weighted average delay decreased by 1.6-1.9 times
according to the median.

The average decision time by the scheduler was about 2.1 ms per task, which does not
exceed the queue control delay tolerances.

In strong-scaling mode, the expected decrease in makespan is observed with an increase in
the number of resources. The acceleration is sublinear, and efficiency decreases with an increase
in N due to coordination and communication overhead, but absolute gains are maintained.
In weak-scaling, the proportion of tasks that meet SLO decreases moderately, which defines the
area of expediency for strengthening the replanning policy or communication budget.

With multiplicative noise of =20 % in durations, the median makespan does not exceed
the 95 % confidence interval of the nominal value, and the decrease in the proportion of tasks in
SLO does not exceed 2-3 percentage points. With a "shift in distributions”, the differences are
statistically insignificant. When correlations p = 0.3 are introduced within the levels, + 4-6 %

to the 95th percentile of the makespan is observed without destroying the median. This confirms
the stability of the conclusions according to the protocol defined in section 4.4.

Disabling PPO leads to the greatest degradation of the median makespan (= 13-17 %),
disabling GAT (= 8-11 %); the effect of BO is moderate but consistently positive (= 3-6 %).
Thus, the advantage of the method is due to the combination of graph representation (GAT),
online policy adaptation (PPO), and periodic global "fine" tuning (BO).

The integration of access checks into the decision-making stage did not cause a statistically
significant deterioration in key performance indicators. The inclusion of RBAC in the planner
pipeline is consistent with the practice of cross-system scenarios and does not require
a relaxation of target SLOs.

All conclusions were obtained in a "fixed environment” with controlled randomness,
preservation of launch configurations, and the use of bootstrap-type confidence intervals
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(B >1000; for ablationsB ~2000) with multiple comparison control (Holm-Bonferroni).
This ensures independent verifiability and stability of the results.

Thus, the proposed planning method confirms the stated hypotheses. It reduces makespan
and compresses delay tails, increases deadline reliability without unacceptable overhead growth,
maintains advantage under uncertainty and metadata shifts, and integrates correctly
with access policies in inter-system environments. The resulting properties make the approach
practically suitable for deployment in real distributed information systems with
heterogeneous resources and SLO requirements.
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imeni Cemena Kysneus, acniipant, XapkiB, Ykpaina.

CemenoB Cepriii T'ennagiiioBud — JOKTOp TEXHIYHMX Hayk, Tmpodecop, XapKiBChKHA
HallloHaJbHUK eKOHOMiuHuH yHiBepcuteT iMeHi Cemena Kysnens, npodecop xadenpu xibepOe3neku Ta
iH(opMaIifHIX TeXHONOTiH, XapKiB, YKpaiHa; MTOKTOp TeXHIYHUX HayK, npodecop, YHiBepcutet Komicii
HalliOHaJIbHOT OCBITH, 3aBiyBau Kadeapu KOMIT I0TepHOT iHxkeHepii Ta kibepOe3neku, Kpakis, [Tonbmia.

EKCIIEPUMEHTAJIBHI JOC/IKEHHA METOAY IIVIAHYBAHHAA
3AJAY Y POSIIOAVIEHUX IHOOPMAINIMHUX CUCTEMAX
3 OTJIAAY HA HEBU3HAYEHICTb METAJJAHUX

CratrTio IPHUCBSIYCHO IUIAHYBAHHIO 3a/1a4 Y PO3MOJIUICHUX iHPOpMaliiHUX CUCTEMax B YMOBaX HEBH3HAYECHOCTI Ta
HETIOBHOTH METaJaHuX W00 TPUBAIOCTI OIepariid, o0CsATiB KOMyHIKamiid Ta JOCTYHmHOCTI pecypciB. [Ipemmerom
AOCJTiTPKeHHsI € METOA TJIaHyBaHH 3a/1a4 y pO3MOAUIEHUX iHGOpManifHUX cHCTeMax 3 OIJIsIly Ha HEBH3HAYEHICTh
MeragaHux. MeTa cTaTTi — EKCHEPUMEHTAIBHO JOCHIIUTA METOJ IUIaHYBaHHA 3a7ad y PpO3MOJIUICHHX
iH(pOpMAIIHHUX CHCTeMaX 3 HEBM3HAYEHNMH i HEMOBHHMHU METaIaHUMHU, SIKUH TIOETHYE TiOpuaHy rpadoBy MOJENb
i3 TPUMOZYJNBHHM SIIPOM INTYYHOTO IHTEJEKTy W 3abe3nedye miABUINEHHS e(EeKTUBHOCTI W POOACTHOCTI
TulaHyBaHHs 32 ymMoBH jnotpumands SLO ta RBAC-o0MexeHb. 3aBnaHHsl qociiikeHHsi: copmyBaru ridpuaHe
NoJlaHHs pobounx mpolieciB Ha ocHOBI moeaHaHHs DAG-crpykrypu ta GERT-mozeni; po3poOuTu apxitekTypy
IUTaHyBaJIbHUKA 3 NONMydeHHAM TpadoBoi mepexi yBarm GAT, arenra mimkpimumoBaipHOTO HaBuanHA PPO Ta
momynst Bayesian Optimization; susuHaumts SLO-opieHTOBaHy (YHKINIO BHHArOpOAW W CHCTEMY OOMEKCHB,
3Baxatoun Ha RBAC; cTBOpHTH BiATBOpPIOBaHMH EKCHEPHUMEHTAIBHHNA CTEH 13 KOHTPOJIbOBAHOIO iH EKIIEI0
HEBU3HAYCHOCTI; BUKOHATH TOPIBHAIBHAMN, aOIAIiHUNA 1 poOacTHUI aHalli3 MPOAYKTHBHOCTI 3alPONOHOBAHOTO
Mmeronxy monxo ©OaszoBux anroputmiB FCFS, HEFT, a Takox BapiantiB DAG-only # GERT-only.
Metoan pociimkenns: riopuane rpadose moxemoBaHHd DAG+GERT, rpadoBa mepexxa yBarm GAT mns
(hopMyBaHHS KOHTEKCTHOTO TIOJAaHHSA cTaHy, areHT PPO nns mpuHHATTS pilleHs OIOA0 PO3MIIIEHHS 3ajad,
OaeciBcbka ONTHMI3allisl JUIsl HaJAINTYBaHHS I1apaMeTpiB IMOJITHKU, a TAKOX CTAaTUCTUYHI METOJM OILHIOBAHHSI.
OcHoBHi pe3yJbTaTH. 3anpOIIOHOBAaHHMI METOZ 3abe3leuye CyTTEBE CKOPOUCHHS MEIiaHHOTO 4Yacy 3aBEpIIEHHS
3agau (makespan) nopisusino 3 HEFT, DAG-only ta GERT-only, migBuIleHHs] YaCTKH 3aj1ad, 1[0 BUKOHYIOTbCS B
Mmexax SLO, Ta 3MEHIIeHHsI CepeIHbO3BAYKEHOT0 MPOTEPMiHYBaHHS, JEMOHCTPYE "CTUCHEHHSI XBOCTIB" pO3MoaiLy
3aTPUMOK 1 30epirae cTabUIbHICTD pe3yJIbTaTiB y pa3i MyJbTUILTIKATUBHOTO LIyMy TpuBasocteid + 20 %, 3a yMOBHU
3CYBIB PO3IIOILTIB 1 KOPETFOBAHMX BiIXWICHb apaMeTpiB. BogHowac HaKmagHi BUTPATH INIAHYBAaHHS 3QJIAIIAI0THCS
B Jiara3zoHi MiJTiCeKyH/I i He IEPEeBUIIYIOTh JOITyCTUMI MEXIi ISl OHJIAiH-CIICHaPiiB.

KuroyoBi cioBa: po3nozineni iHopMaIlliifHi CCTeMH; IDIaHyBaHHA 3a7[ad; OPIEHTOBAHUH AIMKIIYHUNA Tpad;
mepexxi GERT; rpadoBi HeilpoHHI Mepexi; HaByaHHS 3 MmigKpimieHHsMm; Bayesian — Optimization;
pieHi cepgicy (SLO); kepyBanns nocrynom (RBAC); podacTHicTb.
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