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Abstract 
With the integration of AI into enterprise IT infrastructure, there is an 

increasing need for automation systems that can flexibly adapt themselves to 

the context rather than merely imposing rigid control based on rules. In this 

paper, we propose a Python framework for automating the workflow processes 

using AI comprising components such as natural language intent parsing, 

DAG-based task orchestration, RL-based resource scheduling, and self-healing 

capability. Unlike existing robotic process automation (RPA) software and 

other static workflow schedulers such as Apache Airflow or Celery, this 

approach leverages large language models (LLMs) and RL to define the 

decomposition of high-level intentions into tasks, resource allocation consistent 

with service-level agreements (SLAs), and fault tolerance through the proposed 

self-healing mechanisms. To implement the framework, we utilized the 

technologies including Python 3.11, FastAPI, asynchronous task queues, and 

transformer-based intent classifier. To evaluate the performance of the 

proposed framework, we compared it against the other four approaches in 

terms of the number of tasks processed in a minute, task classification 

accuracy, and average time to recover from faults. In a benchmark involving 

1,000 tasks on a computer with 16 cores, our framework was able to handle an 

average of 842 tasks per minute, had 96.3% task classification accuracy, and 

recovered from faults in 4.1 seconds on average – that is, outperforming the 

best baseline by 38-65%. Our major contributions include a mathematical 

framework for SLA-based scheduling, novel self-healing algorithms, and 

architecture that can be deployed in the process of digital transformation of 

enterprises. Thus, we demonstrate that hybrid AI orchestration frameworks are 

significantly more effective than RPA systems and workflow engine schedulers 

and remain lightweight enough to work in resource-limited environments. 
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INTRODUCTION 

Fields of finance, healthcare, manufacturing, 

and software engineering see growing adoption 

of automation of repetitious, multi-step digital 

tasks [1, 2]. Current RPA software imitates 

human operations on GUIs according to 

predefined rule-based scripts; however, such 

scripts easily fail on interface changes and are 

not flexible enough to deal with different types 

of tasks [2, 3]. On the other hand, workflow 

engines, such as Apache Airflow, Celery, and 

Prefect, employ DAGs for reliable task 

management; however, workflows need to be 

defined statically as code, which makes 

adapting them after deployment difficult [70, 

80, 81]. 

Large language models (LLM) and 

reinforcement learning (RL) allow now creating 

automation systems capable of understanding 

natural-language instruction, planning multi-

step tasks on their own, and dynamic 

adjustment of scheduling during task execution 

[28, 32, 35, 36]. Latest projects, including 

ReAct, Toolformer, AutoGen, and 

HuggingGPT, demonstrate that language 

models are able to interact with external tools 

and APIs to perform complicated tasks with 

minimum human intervention [32, 34, 35, 36]. 

However, majority of the systems above is a 

proof-of-concept solution and cannot provide 

necessary level of reliability, fault tolerance, 

and engineering quality required for production 

[40, 41, 76, 113]. 

To solve this problem, this paper proposes AI-

driven Python framework intended for 

production deployment. The framework 

implements natural-language intent parser, 

LLM-based planner and DAG engine, 

reinforcement-learning scheduler responsible 

for managing tasks according to SLA, and 

autonomous self-healing module to handle 

exceptions [112], [114]. The architecture is 

layered and microservices-based and can 

operate both locally and distributed on 

Kubernetes cluster [15, 16, 73]. 

Motivation 

More than 60% of RPA projects implemented 

in enterprises fail to transition beyond the proof 

of concept stage due to the inability of the static 

automation to deal with changes in interface, 

various exceptions, and business rules [1, 3]. 

This is why the need arises for automation 

platforms which are as reliable as classic 

workflow engines and at the same time as 

flexible as AI-driven solutions, and which 

should be developed using the widely-used and 

maintainable Python frameworks [58, 59, 60]. 

 

Contributions 

The main contributions of this paper include: 

(1) a multi-layer architecture of AI-powered 

workflow automation which unifies LLM 

planning with traditional DAG scheduling; (2) 

mathematical modeling of task scheduling 

under SLA constraints, solved with the help of 

reinforcement learning; (3) a self-healing 

approach to recovery from exceptions with a 

pre-defined MTTR; (4) a reference 

implementation of the proposed solution with 

Python, benchmarked against four famous 

automation frameworks; and (5) comprehensive 

evaluation of the solution regarding throughput, 

latency, scalability, and classification accuracy. 

Nt orchestration. Section III is devoted to the 

presentation of the proposed architecture of the 

system. In Section IV, the mathematical model 

of the scheduling and planning engine is 

formalized. The implementation details are 

provided in Section V. Section VI introduces 

the experimental approach used in the research 

along with the figures and tables of the results 

obtained. Threats to validity are discussed in 

Section VII. Section VIII concludes this paper 

and states the future research directions. 

 

Related Work 

Robotic Process Automation and Workflow 

Engines 

Robotic process automation has been 

thoroughly researched as an approach towards 

https://portal.issn.org/resource/ISSN/3006-7030
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automating routine digital operations using 

interface-level scripting techniques [1, 2, 3]. 

The survey conducted by van der Aalst et al. [2] 

describes RPA as an easy-to-deploy alternative 

to a more complete business-process-

management software suite, while Hofmann et 

al. [3] employ process mining to detect 

potential candidates for automation with RPA. 

Workflow scheduling in distributed and grid 

computing systems has been a topic of 

extensive academic research with pioneering 

contributions in the form of scheduling 

algorithms [4, 5, 6] and workflow management 

frameworks, including Pegasus, Taverna, 

Snakemake, and Nextflow [67, 68, 69, 70], 

which focus on reproducibility and fault 

tolerance but not AI-based task creation. 

 

Distributed and Cloud-Native Execution 

Substrates 

Big-data processing engines including Hadoop 

MapReduce and Apache Spark established the 

dataflow-graph execution paradigm now 

common to modern workflow systems [7, 8, 9]. 

Container orchestration platforms, in particular 

Docker and Kubernetes, provide the elastic, 

fault-tolerant substrate on which contemporary 

automation frameworks are typically deployed 

[14, 15, 16]. Serverless and function-as-a-

service paradigms further reduce operational 

overhead for short-lived automation tasks [20, 

21, 22], motivating the hybrid execution model 

adopted in this work. 

 

AI Agents and LLM-Based Orchestration 

The transformer architecture [28] and 

subsequent large language models such as 

BERT and GPT-family models [29, 30, 31] 

have enabled a new class of agentic systems 

capable of reasoning about and executing multi-

step tasks. React [32] interleaves reasoning 

traces with actions; Toolformer [35] teaches 

models to invoke external APIs; AutoGen [36] 

and HuggingGPT [34] coordinate multiple 

specialized agents to solve composite tasks; and 

Voyager [33] demonstrates open-ended, 

lifelong skill acquisition in an embodied agent. 

Multi-agent systems theory [38, 39, 40] 

provides the formal coordination foundations 

on which several of these systems implicitly 

rely. While these works establish the feasibility 

of AI-driven task execution, none provides a 

production-hardened scheduling and fault-

recovery layer comparable to mature workflow 

engines, a gap directly addressed by the present 

framework. 

 

MLOps and Software Engineering for AI 

Systems 

The technical difficulties associated with the 

integration of machine learning components 

into production software have been extensively 

discussed in literature, such as hidden technical 

debt [41], deployment experiences [42, 43], and 

new MLOps tools [44, 45, 47]. Likewise, 

studies on AutoML [48, 49, 50] provide 

important background knowledge for the 

development of our adaptive scheduling 

module (Section IV). Literature on self-

adaptive systems and autonomic computing 

[76, 77, 78, 79, 80, 81] offers important 

theoretical background for the self-healing 

module, building upon classical MAPE-K 

(Monitor-Analyze-Plan-Execute with a 

common Knowledge base) feedback loops with 

learned recovery strategies. 

 

Research Gap 

Summary of the positioning of the proposed 

framework vis-a-vis previous approaches on 

five capabilities is provided in Table I: natural 

language intent understanding; dynamic DAG 

creation; learned scheduling; self-healing; and 

robust fault-tolerance. As seen from the table, 

none of the existing approaches meet all five 

requirements, hence the need for the framework 

introduced in Section III. 

 

TABLE I.  Comparative Review of 

Workflow Automation and AI-Agent 

Frameworks 

https://portal.issn.org/resource/ISSN/3006-7030
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Proposed System Architecture 

The above-mentioned architecture consists of 

four layers that include (i) the interaction layer, 

(ii) the AI reasoning layer, (iii) the execution 

and resilience layer, and (iv) the persistence 

layer. All the layers use a stand-alone Python 

service that allows asynchronous message 

passing, which makes the solution scalable and 

resistant to partial failures [11, 12, 13] 

.

 
Fig. 1.  Multilayer architecture of the suggested 

Python-based AI workflow automation 

framework. 

 

Interaction Tier 

The interaction layer implements REST and 

WebSockets API based on FastAPI [74] 

https://portal.issn.org/resource/ISSN/3006-7030
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framework, that accepts structured workflow 

definitions using a domain-specific language 

(DSL) or unstructured task descriptions written 

in natural language. Unstructured commands 

are forwarded to the NLP intent parser, a fine-

tuned transformer-based classifier [29, 31] that 

translates free-form text into structured intent in 

terms of action verb, target entities, and 

constraints. 

 

AI Reasoning Tier 

AI reasoning layer implements the planning and 

DAG compilation engine. Following the 

paradigm of ReAct agents [32], the engine 

alternates between reasoning and executing 

actions grounded in a toolkit, splitting the high-

level objective into a list of atomic tasks. As a 

result, a task graph is constructed, that is then 

compiled into a directed acyclic graph (DAG) 

where nodes represent tasks to execute, and 

edges represent data and control dependencies. 

Similar to data flow graphs used in Spark and 

MapReduce frameworks [8, 9], the task graph 

allows for prioritizing and resource allocation 

of DAG nodes by the reinforcement learning 

optimizer (see section IV). 

 

Execution and Resilience Tier 

Compilation of DAG graphs results in their 

dispatch to a pool of asynchronous workers 

using a Celery-compatible task queue [78] 

backed by a Redis message broker. Connector 

and plugins registry provides a unified access 

point for connecting to external systems 

(databases, REST APIs, RPA bots and file 

systems). The ability to add integrations in this 

way follows the extensible plugin architecture 

principles [54, 55]. Exception and self-healing 

module continuously monitors task execution 

telemetry and invokes a recovery policy 

whenever an anomaly is detected using 

autonomic computing control loop principles 

[79, 80]. 

 

 

3.4. Persistence Tier 

Persistence layer stores workflow metadata, 

vector store used for semantic search of task 

embeddings, immutable audit log for 

traceability purposes, and distributed cache for 

state sharing across worker nodes. 

 

Mathematical Formulation 

This section formalizes the scheduling and self-

healing problems solved by the AI reasoning 

tier. Let a compiled workflow be represented as 

a DAG G = (V, E), where each node i ∈ V 

denotes an atomic task with estimated 

computational cost C_i(θ), expected latency 

L_i(θ), and reliability R_i(θ) ∈ [0,1] under 

policy parameters θ. The scheduler seeks 

parameters θ that minimize the composite 

multi-objective cost function shown in Eq. (1), 

where α, β, and γ are weighting coefficients 

reflecting organizational priorities (cost, 

latency, and reliability respectively), N is the 

number of tasks in the current planning horizon, 

and λ‖θ‖₂² is an L2 regularization term that 

discourages overfitting of the scheduling policy 

to short-term traffic patterns. 

 
Eq. (1)  Multi-objective scheduling cost 

function. 

The scheduler is implemented as a 

reinforcement-learning agent that selects an 

action a_t (a resource-allocation decision) given 

the current system state s_t using the 

Boltzmann (softmax) policy in Eq. (2), where 

Q_θ(s_t, a_t) is the learned action-value 

function and τ is a temperature parameter 

controlling the exploration-exploitation trade-

off, consistent with standard deep-RL 

formulations [26, 27]. 

https://portal.issn.org/resource/ISSN/3006-7030
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Eq. (2)  Softmax action-selection policy of the 

RL scheduler. 

To guarantee that generated schedules respect 

organizational service-level agreements, the 

framework enforces the feasibility constraint of 

Eq. (3), where t_k^{start} and t_{k-1}^{end} 

denote the start and end times of consecutive 

tasks, d_k is the execution duration of task k, M 

is the total number of tasks on the critical path, 

and T_SLA is the maximum permissible end-

to-end execution time. Any candidate schedule 

violating Eq. (3) is rejected by the planning 

engine and replanned with relaxed parallelism 

constraints. 

 
Eq. (3)  SLA feasibility constraint for sequential 

task execution. 

Finally, the quality of the self-healing 

subsystem and the intent-classification module 

is evaluated using the standard F1-score and the 

mean-time-to-recovery (MTTR) metric defined 

in Eq. (4), where F is the number of induced 

failures during evaluation and t_f^{fail}, 

t_f^{recover} denote the failure and recovery 

timestamps for fault instance f. These metrics 

are reported in Section VI. 

 
Eq. (4)   F1 score and mean-time-to-recovery 

(MTTR) evaluation metrics. 

 

Implementation 

The reference implementation is provided using 

Python 3.11 programming language with 92 

modules in total comprising about 18,400 lines 

of source code. The interaction layer is built on 

FastAPI [74] using Pydantic schema validation; 

the planning engine is a wrapper for fine-tuned 

transformer model that can be accessed via 

async inference client; the execution layer relies 

on Celery [78] with a Redis backend or 

alternatively RabbitMQ and PostgreSQL 

provides a relational persistence for metadata 

and a vector database for storing task 

embeddings. Numerical code, including RL 

scheduler, is developed using NumPy and 

PyTorch [61, 65] libraries while some critical 

parts of inner loops are selectively optimized 

using Cython [66] in order to improve 

performance by reducing the interpreted Python 

code runtime overhead [63, 98]. 

Fig. 2 shows the overall execution workflow. 

First, user request is passed through the intent 

capture phase that converts the natural language 

or DSL input to a structured task specification. 

Then, task decomposition and AI planning 

phases provide the candidate task graph that is 

subsequently validated and compiled into DAG. 

Reinforcement learning scheduler performs the 

resource allocation and parallel execution 

happens among the workers. During the 

execution phase, validation and self-healing 

module constantly checks the occurrence of 

exceptions; in case if the exception is detected, 

it is checked whether the automated recovery 

according to the learned recovery policy should 

be attempted (either retrying with the back-off 

delay, selecting alternative connectors or task 

substitution). Only if the automated recovery 

confidence falls under the certain threshold, the 

human operator is asked to take part in the task.

 
Fig. 2.  Workflow execution pipeline.. 

Listing 1 shows the minimum public API 

https://portal.issn.org/resource/ISSN/3006-7030
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exposed to developers, which is consistent with 

the framework’s goal of minimizing integration 

effort, an approach driven by past criticisms of 

RPA brittleness [1, 3], as well as established 

best practices in software engineering for 

automations [56, 57, 93]. 

Listing 1.  Workflow definition in the 

framework’s Python API. 

from aiflow import Workflow, Task, Agent 

wf = Workflow.from_intent( 

    "Inbox invoice extraction, verification of 

totals, " 

    "and posting of approved invoices to ERP." 

) 

wf.set_sla(max_latency_ms=5000, 

max_cost=0.40) 

wf 

 

Experimental Evaluation and Results 

Experimental Setup 

All experiments were conducted on a 16-core 

(32-thread) Linux machine with 64 GB RAM 

and NVMe SSD using Python 3.11.6. Our 

system was tested against four benchmarks, 

including Apache Airflow 2.7 [80], Celery 5.3 

with Redis 7 [78], a proprietary automation tool 

class for UiPath-type solutions [1] and the 

cloud automation platform class of Zapier-type 

applications. The benchmark included 1000 

tasks related to data extraction, document 

classification, API orchestration, and 

notifications triggering, repeated 5 times for 

statistical accuracy. 

 

Throughput 

The throughput values for the tasks executed in 

a minute are presented in Fig. 3. The proposed 

approach was able to achieve 842 tasks per 

minute, which corresponds to 65.1% and 350% 

performance improvements compared to 

Apache Airflow and SaaS automation, 

respectively. The throughput improvement was 

achieved due to the use of an asynchronous 

pool of workers and RL-based scheduling 

priorities, resulting in more efficient use of idle 

workers than queue order scheduling [70, 80]. 

 
Fig. 3.  Average throughput comparison across 

automation frameworks (1000-task benchmark, 

16-core node). 

 

Latency Scalability 

Fig. 4 presents mean task latency as concurrent 

workflow load increases from 10 to 1000 

simultaneous instances. The proposed 

framework exhibits sub-linear latency growth 

(12 ms at low load to 69 ms at 1000 concurrent 

instances), compared to super-linear growth 

observed for Airflow (18 ms to 178 ms) and 

Celery+Redis (15 ms to 151 ms). This behavior 

is consistent with the SLA-feasibility constraint 

of Eq. (3), which actively rejects schedules 

likely to violate latency bounds before 

https://portal.issn.org/resource/ISSN/3006-7030
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execution, rather than reacting after SLA 

breach. 

 
Fig. 4.  Latency scalability under increasing 

concurrent workflow load. 

 

Intent-Classification Accuracy 

Fig. 5 compares the accuracy of the proposed 

hybrid agent's intent-classification module 

against a rule-based engine, a random-forest 

classifier, an LSTM classifier, and a fine-tuned 

transformer baseline [29, 31]. The proposed 

hybrid agent achieved 96.3% accuracy, 

exceeding the fine-tuned transformer baseline 

(92.6%) by 3.7 percentage points and the rule-

based engine (71.2%) by 25.1 percentage 

points, confirming that combining transformer-

based language understanding with task-graph-

aware context substantially improves intent 

resolution. 

 
Fig. 5.  Accuracy of AI intent-classification 

module against baselines 

. 

 

Multi-Criteria Qualitative Comparison 

As shown in Fig. 6 below, qualitative 

comparisons were performed with respect to six 

criteria of engineering quality – CPU 

efficiency, memory usage, fault-tolerance, 

scalability, integration, and development speed, 

graded 0-10 by three reviewers using an 

evaluation rubric based on software architecture 

evaluations [91, 92]. Our proposed system beats 

the RPA baseline in all criteria, with the largest 

gaps seen in fault tolerance (9.1 vs. 6.8) and 

development speed (9.3 vs. 6.2). 

https://portal.issn.org/resource/ISSN/3006-7030
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Fig. 6.  Qualitative comparative analysis based 

on multiple criteria between the proposed 

approach and a traditional RPA approach 

(score 0-10). 

 

Fault Recovery and Self- healing Capability 

For the assessment of the self-healing 

mechanism, 150 fault cases, including 

connector timeout, malformed API call results, 

and network partition, were injected into the 

benchmark workload. The proposed approach 

demonstrated the F1-score equal to 0.94 for the 

fault identification capability and a mean time-

to-recovery (MTTR) of 4.1 seconds, calculated 

according to Eq. (4), whereas manual recovery 

process had an MTTR greater than 180 second. 

 

TABLE II.  Quantitative Performance 

Summary Across Evaluated Frameworks 

Metric 

Propos

ed 

Frame

work 

Apa

che 

Airf

low 

Cel

ery 

+ 

Re

dis 

RPA 

Base

line 

SaaS 

Autom

ation 

Throu

ghput 
842 510 467 295 188 

Metric 

Propos

ed 

Frame

work 

Apa

che 

Airf

low 

Cel

ery 

+ 

Re

dis 

RPA 

Base

line 

SaaS 

Autom

ation 

(tasks/

min) 

Mean 

latency 

@1000 

load 

(ms) 

69 178 151 — — 

Intent 

accura

cy (%) 

96.3 — — 

71.2 

(rule

-

base

d) 

— 

Fault 

detecti

on F1-

score 

0.94 0.71 
0.6

8 
0.52 0.41 

Mean 

time-

to-

recove

ry (s) 

4.1 26.7 
31.

2 
180+ N/A 

CPU 

efficien

cy (0–

10 

score) 

8.7 7.1 6.9 6.0 5.4 

Lines 

of code 

per 

new 

integra

tion 

≈45 
≈12

0 
≈95 ≈300 

N/A 

(config

-only) 

 

TABLE III.  Ablation Study Isolating the 

Contribution of Each Core Module 
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Configuratio

n 

Throughp

ut 

(tasks/min) 

Intent 

Accurac

y (%) 

MTT

R (s) 

Full 

framework 

(all modules) 

842 96.3 4.1 

– without RL 

scheduler 

(static 

priority) 

701 96.1 4.3 

– without 

self-healing 

module 

838 96.0 41.7 

– without 

LLM 

planning 

(DSL-only 

input) 

805 78.4 4.4 

– without 

DAG 

compiler 

(sequential 

exec.) 

512 96.2 4.5 

Table II summarizes the quantitative findings 

for all systems and metrics analyzed, whereas 

Table III provides an ablation study where 

different components of the novel architecture 

were selectively turned off. According to the 

ablation findings, the LLM-based planning 

component is the major component behind 

accurate intent classification (decrease of 

17.9% points when removed), DAG compiler is 

the major component behind throughput (39.2% 

decrease when removed), and the self-healing 

component is the major component behind 

quick fault recovery (increase in MTTR by 10× 

when removed). 

 

Discussion 

Interpretation of Results 

Experimental results have shown that there is 

indeed support for the core hypothesis that the 

integration of LLM-based planning with 

classical DAG scheduling and reinforcement 

learning-based resource allocation leads to 

performance benefits over both the pure RPA 

and the pure scheduler-based workflow engine. 

Throughput and latency gains can be expected 

due to prior knowledge that learned scheduling 

strategies beat static heuristics when there is 

variable load [94], whereas accuracy gains can 

be attributed to prior evidence that transformer-

based language understanding beats classical 

machine learning [29, 31]. 

 

Threats to Validity 

A number of validity threats must be 

considered. The first is that while varied, the 

chosen workload is artificial and may not fully 

represent the heterogeneity of production 

enterprise tasks; future research should validate 

the methodology using actual industrial 

workload traces. Secondly, the qualitative radar 

chart scores shown in Figure 6 are based on 

evaluator opinion and could therefore be 

affected by personal biases, but this has been 

avoided through use of a systematic evaluation 

rubric with three reviewers. Lastly, the chosen 

baselines are set using known defaults; fine-

tuning of the baselines would decrease the gap 

in performance results. 

 

Practical Implications 

For professionals, the findings imply that the 

firms that are presently using brittle RPA 

scripts can achieve considerable improvement 

in reliability and efficiency by transitioning to a 

hybrid AI-orchestration framework, especially 

for use cases where there is frequent change in 

interface or processes. In addition to that, the 

plugin-based connector registry lowers 

integration costs compared to monolithic RPA 

platforms, overcoming a common challenge to 

scaling RPA. 

 

Limitations 

The existing solution needs the availability of 

an LLM that is proficient at planning, thus 

leading to the introduction of inference latency 
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and costs that do not apply to rule-based 

approaches. Furthermore, the reinforcement 

learning-based scheduler needs warm-up time 

of around 500 task runs to attain the stated 

performance, a cold start problem faced by 

learning-based scheduling approaches [26, 94]. 

 

Conclusion and Future Work 

The paper described the development of an AI-

enabled Python framework for workflow 

automation integrating natural-language intent 

parsing, AI-based DAG planning, 

reinforcement-learning scheduling, and self-

healing into one architecture. In the 

experiments with a benchmark of 1000 tasks, 

the proposed architecture demonstrated 842 

tasks/minute throughput, 96.3% accuracy of the 

intent classification, and a 4.1-second average 

recovery time, which is better than Apache 

Airflow, Celery, and several other RPA/SaaS 

workflows across all performance criteria. The 

ablation study showed that each architectural 

component — LLM-based DAG planning, 

DAG compilation, reinforcement-learning 

scheduling, and self-healing — provides unique 

value. 

In the future, we plan to (i) validate the 

architecture on production workload traces 

provided by industry partners, (ii) experiment 

with federated and on-device LLM inference to 

improve planning latency and lower costs, (iii) 

extend the self-healing algorithm with causal 

fault diagnostics, and (iv) analyze techniques of 

formal verification of the schedules produced 

by our planning engine under SLA constraints. 

We expect that the architectural design and 

mathematical description provided above may 

serve as a reusable basis for future works on 

AI-based workflows. 
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