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Abstract - Integrating multiple APIs, third-party services, 1.INTRODUCTION
and Al models into single comprehensive workflow has

become more difficult in this increasing growth of modern The fundamental problem is that we are trying to force
applications. Traditional workflow automation platforms modern Al into a legacy box [5]. Traditional software
often struggle to manage such complexity, especially when architectures are built for instant API responses (client-
working with long and inter-related tasks, real-time data server mechanism), but LLMs are slow, unpredictable, and
processing and Al-driven operations. This platform prone to high latency. When you try to run complex, multi-
frequently faces issues such as API timeouts, inefficient model workflows through these old synchronous systems,
resource utilization and loss of data consistency between the whole thing falls apart because the architecture wasn't
different stages of workflow. Challenges such as maintaining built for the "wait time" Al requires.

context across multiple steps and ensuring reliability
between interconnected components in the system often
occurs while integrating different Al models and Services.
These drawbacks make current systems difficult to scale and
not suited for real-world production environment.

In recent years, the rapid growth of Al-based services,
APIs, and Large Language Models (LLMs) has transformed
how modern applications are built. organizations
increasingly opted for multiple third-party services which
reduces inefficient use of resources, such as payment
gateways, messaging services, and Al models, to create
feature-rich systems. However, integrating these different
services into a single workflow remains a significant
challenge. The growing complexity of Multi-Model Al
systems are not handled by existing automation systems.
Typically, they are not design for such execution. [2,3]

To address these limitations of traditional synchronous
workflows, this paper presents Nodebase which is an Al-
powered workflow automation platform specially designed
for asynchronous and type-safe execution. Also, this system
allows users to monitor construct workflows using a node-
based interface, where each node represents a specific

operations like API calls, Multi-model Processing or data Synchronous execution model process tasks in a fixed,
transitions. This system uses background job processing and request-response manner in traditional workflow systems.
real-time communication monitoring mechanism that This mechanism works for simple executions, dealing with
effectively eliminates timeout failures and provides long-running operations has become unreliable during Al
continuous feedback during execution.Furthermore, the inference, large data transfers or chained API calls.
platform ensures reliable data consistency through type safe Currents as workflows grow more complex, systems often
structured variable management and schema validation suffer from data timeout failures, inefficient resource
which reduce errors caused by inconsistent data flow. usage and difficulty while maintaining data consistency
Overall, this work highlights the importance of transitioning across different stages of execution. These limitations
from traditional synchronous systems to asynchronous, make such systems hard to scale and maintain.

event-driven architectures while maintaining type safe
validation for developing robust and scalable workflow
automations.

Without consistent data flow management, systems may
produce incorrect or unreliable results in real-world
applications. This is another major issue that arises while
integrating Large Language Models (LLMs) and Al services
into unified workflows. Hence these models require
careful validation of input data especially when multiple
Al operations are interconnected. Additionally, the lack of
transparency in execution makes debugging more difficult
for users.

Key Words: Al Workflow Orchestration, Type-Safe Full-
Stack Systems, Multi-Model LLM Integration,
Asynchronous Task Execution, Distributed Workflow
Systems, Context-Aware Data Flow
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1.1 The Latency Mismatch

Most current automation engines are stuck in a cycle of
waiting for a response before moving to the next step
results in high latency. LLMs especially those doing heavy
reasoning or long-form writing regularly blow past
standard timeout limits. This causes the system to stop
halfway through a task, leaving you with partial data and a
chain reaction of failures across the entire workflow. It's a
clear sign that "blocking" request models simply can't
handle the reality of long-running Al tasks [4, 7].

1.2 Distributed schema inconsistency

Beyond just timing out and high latency, these workflows
are often a mess of inconsistent and loosely coupled data
[16, 1]. Different services pass information back and forth
using loose structures, basically relying on hope that the
next step understands the previous one which can be lead
to unreliable results, Also Without strict validation
between these boundaries, you end up with "key
collisions" or data being overwritten [15]. These errors
often stay hidden until the system actually runs, making
debugging a nightmare and reliability nearly impossible.

1.3 Core Contribution: Type-Safe Asynchronous
Orchestration

The main contribution of this work is the design and
implementation of a scalable workflow automation
framework that integrates APIs, third-party services, and
Al models in a unified system. Also eliminate the
limitations of traditional synchronous approaches,
Nodebase provides a more efficient and reliable solution
for building modern automation pipelines.

This paper presents Nodebase which is a workflow
orchestration framework that implement a type-safe
asynchronous execution model for multi-model Al
pipelines. it’s an orchestration framework built on two
core pillars designed to make multi-model pipelines
actually work:

e Asynchronous Task Execution: A detach execution
model using persistent message or context queues
to handle high-latency Al operations in the
background without hitting a timeout or freezing
the workflow [8][9].

e Type-Validated Data Flow: A mechanism for strict
schema that ensures consistency across every
single stage of workflow, this ensures that the
data moving through the Directed Acyclic Graph
(DAG) is always consistent and exactly what the
next node expects [17][18].

1.4 Research Objective

Our goal is to combine asynchronous execution and type-
safe data flow improves the reliability of Al workflow
orchestration. Through comparison with synchronous
systems, we’'ve shown that this model drastically reduces
failures and keeps data clean, even in the most complex,
multi-step Al workflows.

2. Literature review
2.1 Evolution of Workflow Automation

Workflow systems have spent the last two decades moving
from simple rule-based scripts to massive distributed
frameworks. The foundation was laid by scientific engines
like Pegasus [8] and DAGMan [9], which proved that
modeling complex tasks as Directed Acyclic Graphs (DAGs)
was the most efficient way to manage distributed
dependencies.

As recent research on modern platform such as Apache
Airflow (Joel, 2022) [10] are widely used due to their
capability of workflow orchestration while maintaining
flexibility and scalability during handling data pipelines,
but platforms and systems were never aimed for the
multi-model demands of Al workflow. They treat tasks as
predictable data chunks often work on batch processing,
failing to account for the high-latency, vary response times
of modern LLM-driven pipelines (Lu, 2026) [11].

2.2 Rise of Al Agents and work automation

We are on a rapid shift toward Al agent-based
architectures where LLMs act as autonomous decision-
makers (Sun et al, 2026) [1]. Although they are
notoriously unpredictable, these systems are significantly
flexible and easy to use. These systems usually face
massive communication overhead and a lack of consistent
execution [3]. Even with enhancement such as
hypothetical tool execution [4], the base problem remains:
how do you keep an autonomous agent from breaking the
system it lives in?

Recent studies on Al LLMs systems shows that while
these architectures improve flexibility and automation,
they often suffer from issues such as communication
overhead, unpredictability, and difficulty in maintaining
consistent execution across agents (“Large-Scale Study,”
2023) [3]. Additionally, advancements like speculative tool
execution aim to optimize agent performance by
predicting and executing actions in advance, reducing
latency in LLM-based workflows (“Act While Thinking,”
2026) [4].

© 2026,IRJET | ImpactFactor value: 8.315

ISO 9001:2008 Certified Journal | Page 999



’// International Research Journal of Engineering and Technology (IRJET) e-ISSN: 2395-0056

JET Volume: 13 Issue: 04 | Apr 2026

www.irjet.net

p-ISSN: 2395-0072

2.3 The integration Challenges: reliability vs.
autonomy

The major challenge in LLM integration is the lack of
structure which can results in unreliable output and often
leads to unreliable system behavior. Without strict
enforcement of schema validation, Al generated outputs
are "flaky." Research shows that using ]JSON-based
schemas (Lanham, 2026) [6] and Pydantic validation [15]
is the most effective way to force an LLM into a predictable
format. These practices ensures predefined format and
reduce errors in downstream operations. (Shivanandhan,
2025) [15].

Another issue with fully automated systems is
controlling working Al agents in workflows. Moden
studies confirm that autonomous agents can often produce
unpredictable outputs which can be eliminated by
predefine structured workflows that guarantees
deterministic outcome and reliability (MindStudio Team,
2026) [17][19].

2.4 Low-Code Accessibility Trap

The rise of low-code and no-code platforms are major
contributor in rapid application development. Anyone
using these platforms can develop an entire workflow
automation without knowledge of coding (EmergentMind,
2025) [13]. Recent research shows that organizations are
opted for these types of development process because its
significantly reduces the time taken to develop such
product and it also increase productivity even in non-
technical domain such as sales, marketing, human
resource management etc. (Polak, 2025) [14].

But everything comes with trade-offs, these low-code
systems often failed during complex workflows and
development. This is limitations when handling tangled,
Al-driven automation workflows. Advance features like
asynchronous execution, real-time execution control and
efficient handling of long-running tasks are still may not
available. Industry reports and studies emphasis that
while low-code platforms are efficient and beneficial, they
still need better scalability and integration capabilities to
meet modern application real world demands (Iron
Mountain, 2024; Appsmith, 2024) [20][21].

2.5 Scaling and System architecture problem

Scaling Al-based systems from prototypes to real
production systems is where most of the systems fails.
Last decade research on autonomy systems shows that
systems must handle millions of tasks or requests
efficiently while maintaining low latency and high
reliability (Render, 2018) [5]. Poor system design,
especially tightly coupled architectures, can lead to
increased costs, redundant API calls, and performance
bottlenecks. furthermore, as Al begins to generate its own

code and workflows, the risk of "design flaws" skyrockets
[16]. This highlights the urgent need for a framework like
Nodebase one that uses structured workflows to ensure
that outcomes stay consistent and reliable, even at scale
[12].

recent studies on Al-generated code highlight the risk
of design flaws and security vulnerability [1] in complex
systems, emphasizing the need for robust architectural
planning and validation mechanisms (Gupta & Mehta,
2025) [16]. The importance of structured workflows in
ensuring consistent and reliable outcomes has identified
in experimental research on LLM based Al agents for the
tasks like automated bug fix and data analysis (“Empirical
Research,” 2023) [12].

3. SYSTEM ARCHITECTURE AND METHODOLOGY

This section shows the architectural design and
execution model of the proposed framework, Nodebase.
The system is designed to enable reliable multi-model Al
workflow execution by combining asynchronous
orchestration with end-to-end type-validation data flow.

3.1 Formal Architectural Model

Workflows are modeled as a Directed Acyclic Graph
(DAG):

G=(V,E) (D

Where:
e V={vlv2,..,vn} represents computational units or
“tasks”.
e ECVxV represents directed data dependencies and
data flow between those tasks.

Each node ve€V is act as a typed transformation function:

Vi=Tpni = Tow (2)

Essentially, the node takes an input T;,;and transforms it
into an output T,,; based on a predefined schema.

A. Ensuring type compatibility

Instead of just hoping the data fits, this system uses a
transformation-aware compatibility function fi. This
function maps the output schema of one node T},; the

input schema of the nextTiil .

fi— i Thy = T2, (3)

A workflow is only considered “valid”

connection passes a structural check:

if every

valid(G) = V(vi,vj) € E,compatible(T},,, Tii’l)
4)
This check prevents “runtime surprises” by ensuring

two nodes can actually talk to each other before the
process even starts.
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B. Architectural decomposition execution status back to the visual editor in real-
time
to keep the system scalable and fault-tolerant. We've split

] ; et e By separating these, we can scale the “muscle”
this system into two distinct “Planes”:

(execution plane) to handle thousands of Al tasks without
slowing down the “brain” (Control Plane) follows modern

Control Plane cloud-native pattern seen in systems like Apache Airflow

vidwonton | | Workfow Buider oSSl KNS GReE Su [10]. It also ensures that if one task fails, it doesn’t bring

B of ERE | ol iy | ey down the entire orchestration logic by merging real-time
Ml L J feedback and Al-native execution.

3.2CoreArchitectural Components

Execution Plane

O
0.,
Visual Workflow -
User Editor Asynchronous Allntsgration Layer il}@
W

Execution =3 4. IX

1Vam workflow to | Type-Safe Data Flow

Based on the system design, Nodebase consists of the

(C Database
Task .
cheduler F ot e o (Optonaly) following components:
Execuition o
workflow Async Processing  Execution Engin API/Service - .
N R e  faTie 1. Visual Workflow Interface: Enables users to construct

ventDriven | rre st ommunication .
porcsod i oL T JY B workflows using a node-based drag-and-drop canvas.

2. Trigger Module: Initiates workflows through events

Fig -1: High-level System Architecture such as API calls, webhooks, or manual triggers.

3. Execution Engine: Processes nodes sequentially or in

1. Control Plane: responsible for workflow construction,
parallel based on dependency structure.

dependency resolution, and schema validation. It ensures
that workflows are structurally correct before execution. 4. Background Job Queue: Handles long-running and

e  Workflow Builder: A visual canvas Ul that allows asynchronous tasks to avoid API timeouts.

users to design automation flows intuitively. 5. Real-Time Communication Layer: Provides execution

e DAG Parser & Validator: Once a design is updates via WebSockets or Pub/Sub mechanisms.

submitted, this engine parses the graph to ensure
it is structurally sound and strictly acyclic (no
infinite loops).

6. Data Layer: Stores workflows, execution states, and logs
using a relational database.

7. Al Integration Layer: Supports multiple Al providers

e Schema Validation Engine: This is the heart of our o SYF
through a unified abstraction interface.

type-safety. It verifies every data input against
defined types, ensuring that data flow remains

. i 3.3 Asynchronous execution model
consistent across the entire graph.

e Dependency Resolver: It calculates the exact Each node v € V) is instantiated as a specific task T,

_Crltlcal path and_ determmes. which tasks can run within a message-driven architecture. This moves us away
in parallel and which must wait for others. . . L
from “waiting” and toward “reacting”.

2. Execution Plane: Handles task scheduling, distributed

execution, and state persistence. It processes tasks A. Task lifecycle: a task isn’t just “on” or “off”. It moves
asynchronously using a message-driven architecture. through a disciplined state machine to ensure reliability:

e Task Scheduler & Background Job Queue: T,: Pending — Ready — Running — {finished, Failed}
Validated workflows are handed to a scheduler (5)
that pushes tasks into a robust queue (like Redis).

This allows the system to process tasks in the o Pending: Dependencies not yet satisfied

background, freeing the user from waiting for a
slongPI response. & & e Ready: All dependencies completed
Running: Task is bei ted
e Worker Nodes & Al Integration: Our distributed * Hnning: taskis being execute

workers act as the engine, pulling tasks from the

queue and executing them. They interface with an ) . .
Al Integration Layer to talk to LLMs (OpenAl, B. Dependency: We use a Dependency satisfaction check

Gemini, Anthropic) and use Service Connectors to (isSatisfied(T,))to ensure that every parent node has
trigger actions in tools like Slack or Discord. successfully crossed the finish line before a child starts.

e Event-Driven & Real-Time Core: The entire stack

operates on an Event-Driven Architecture. We use

a Database (PostgreSQL) for persistent state and

WebSocket (or a Pub/Sub system) to stream live C. Scheduling strategy: The scheduling function then

dispatches these “Ready” tasks into the execution queue.

o Completed/Failed: Terminal states

isSatisfied(T,) = Vv; € pred(v;), state(v;) (6)
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Unlike traditional systems that follows a rigid, static order,
this system uses dynamic scheduling. We execute
whatever is ready, allowing for “partial topological
execution” meaning if one branch of your Al workflow is
ready, it runs even if another branch is still waiting on a
slow API.

D. Execution semantics: To prevent “garbage in, garbage
out”, A task only moves to running state only if both
dependency and type constraints are true and satisfied:

Ready(t;) & (Yv; € pred(v;), state(v;) = (Completed) A (V(vj
,vi) EE, validate(Toiut, Tifi) = (True)

(7)

This ensures two things which are, the input data perfectly
matches the expected schema and the previous steps are
actually done. By enforcing these execution semantics, we
eliminate the “cascading failures” common in loosely
coupled Al chains.

User / Client Asynchronous Execution Plane
API / Trigger Layer i
N Control Plane (Triggers Next Ready Task)
3 (DAG Engine + Validator) B
£ ¥
s = M_essaggla. Queue
Eﬁ ( evsxstenuask ERiete) Worker Pool Abstraction
ES Worker Pool
3
-5 = (Distributed Workers) > eivorkert) (EWWorker)-- {WVorkec
- C 2k
= Distributed Workers
g 3 Task Execution (LLM / API Calls) il dical
8.3 E: v g
Lo e State Store (Persistent D: dtiggers:ext Feady-18oK)
S
z 2
3 Event Stream (WebSocket / Pub-Sub) - ---,
¥ ! Real-time Updates
Observability Ul ---'

Fig -2: Asynchronous Execution plane architecture

This diagram highlights how we’ve cut the cord between
the user’s request and the actual work. By using a queue-
based system, the client doesn't have to stay connected
while a slow LLM thinks. The worker processes the task,
updates the state, and finishes whenever it's done,
regardless of the client’s status.

E. Execution properties

o Decoupled invocation: Tasks don’t care if the user
is still watching. They execute on their own terms.

e Parallelism: if two nodes don’t depend on each
other, they run at the same time. No more waiting
in a single file line.

e Fault isolation: if one model crashes or returns
garbage, it doesn’t kill the whole system.

e Retry Support: we can restart a specific failed task
without having to re-run the entire expensive
workflow from scratch.

F.Idempotent execution design: We have desinged tasks
to be idempotent. Mathematically:

(8)

This means if a network glitch causes a task to run twice a
common issue in cloud-based AI workflows [2,5], it

execute (T;, input) — output

produces the exact same result both times. This is the only
way to ensure correctness in a distributed world.

3.4Type-validated Data Flow

The system checks for type safety through validation at
every execution boundary rather than just passing the
data to the next node.

“ DAG Validation Mechanism
validate(T,,, T;,) «

v1: Input Node ﬁereen check (valid) 4 matches input

\=J State Representation
(Global State S)

Global State S:
{

Shows: no
key collisions
| structured
storage

v3: LLM Node
{summary: string} »| Input: {summary: string} |_({insight: string}
Output: {insight: string} \
v

v2: Transform Node v5: Output Node
Input: {text: string} Input: {insight: string} | {text: string}

{summary: string}

~

Output: {summary: string} | X Red cross (invalid), - w| Output: {result: string}
-
.

~

Al V4: Logic Node

Input: {text: string}
Output: {count: number}

**@ BLOCKED*

~ -
{text: string} r K expected {text: numberi}

X expected {text: string}

Validation

[ Nodes

—— Valid edges — Invalid edges ~---- Blocked path

Fig -3: Type-safe data propagation across DAG.

This diagram shows schema validation between nodes,
ensuring type safe data flow also preventing the
propagation of invalid or inconsistent state.

A. Validation function:

This validation function is applied at pre-execution and
even post execution of the task by mapping every node to
its validated output data, this approach is supported by
Lanham [6] and Shivanandan[15], who argue that JSON
schema and pydantic validation are the most cost-effective
ways to fix “flaky” Al agents.

validate(T,, Tp) — {true, false} 9

B. Typed state representations:

This guarantees that data propagation is deterministic. No
more key collisions or one node accidentally overwriting
another’s data.

S ={(v;, datai) | v; € V} (10)

C. Failure handling:

If validation fails then it immediately halts the current task
and block all downstream nodes. It’s better to stop the
workflow than to let a hallucinating Al corrupt the rest of
your database which is a major risk in multi-model
pipelines [1]

3.5Multi-Model Abstraction Layer (MMAL)

It is a software architecture pattern that provide unified
interface to interact with multiple underlying model
services without showing the complexity of each model’s
internal implementations:
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(11)

Vmodel: Tmodel - T‘response
A. Unified execution constraint

This ensures consistency by ensuring all the model output
maintain the same type validation and task scheduling
rules as other nodes.

B. Provider-agnostic invocation

This ensures whether you are calling a local model or a
cloud API, the orchestration logic stays exactly the same.
This abstraction decouples model-specific APIs and
orchestrations logic.

3.6 State Management and Persistence

The system keeps a "source of truth" in a persistent store.
Every time a node moves from one state to another, it's an
atomic transition:

A. State transition function

State transitions are atomic to maintain consistency
between concurrent execution of the task.

state(v;, t + 1) = transition(state(v;, t)) (12)

B. Recovery function

This function looks at the last valid state and reconstructs
the workflow which allows checkpoint-based recovery, so
you only pick up where you left off. The system has built in
backpressure handling. If the system gets overwhelmed by
too many requests. It automatically throttles the
scheduling rate (o) to keep everything stable. Our use (o)
to throttle scheduling under high load is a direct response
to the scalability challengers identified in production Al
environment [5].

C. Backpressure handling
(13)

This ensures system stability under high-throughput
conditions.

4. EVALUATION AND RESULT

recover(G,S) - G’

Due to the system-oriented nature of the project, the
evaluation is conducted through functional validation and
qualitative analysis rather than large-scale experimental
benchmarking.

System behavior, execution reliability and architectural
improvements measure the performance and effectiveness
of the proposed Nodebase framework.

A. Functional Validation

We tested the system across multiple workflow scenarios
involving complex API integrations and multi-step Al
processing tasks. The evaluation confirmed that
framework Nodebase successfully manages workflows
through its visual interface while maintaining strict task
ordering based on dependency relationships with tasks.

The DAG-based execution model ensured that each node
was triggered only after the completion of its parent
nodes. Additionally, the schema validation mechanism
effectively prevented incompatible data transfers between
nodes, reducing runtime failures.

Each node was triggered only after the completion of its
parent nodes which maintain by DAG-based execution
model. Moreover, the type safety validation architecture
pro-actively prevents incompatible data exchange
between nodes, reducing runtime errors and unexpected
outputs.

B. Asynchronous Execution Performance

Primary objective was to eliminate API timeout failures
often identified in traditional synchronous architectures.
This was evaluated by executing long-running tasks,
including Al model inference and chained API calls that
typically exceed standard request limits.

The output shows:

e Background offloading: Tasks were successfully
moved to the background job queue, freezing the
main thread.

e Zero timeout failure: No timeout induced crashes
were observed during long-running execution.

e System responsiveness: The system Ul and control
plane remained responsive full interactive while
execution plane handled heavy background long-
running processes and workloads.

C. Real-Time Monitoring and Feedback

By using WebSocket-based communication, it allows real-
time updates of task execution states log. During testing,
users could watch nodes transitions between different
states of lifecycle (Pending, Running, Completed, Failed)
directly on the workflow canvas.

Compared to traditional workflow systems, this
framework significantly enhanced system transparency
and debugging ability where execution feedback is often
delayed or unavailable.

D. Reliability and Fault Handling

We intentionally introduced failure events such as invalid
input and simulated API crashes to test system for
robustness under and shielding capabilities for real world
scenarios. The results indicate that:

e Fault isolation: Failed tasks were isolated without
affecting other workflow branches. A crash of One
branch did not kill unrelated parallel processes.

e Downstream blocking: when validation failed, the
system immediately holds the child node execution
which prevented “poisoning” data from spreading

e Recovery: our Retry mechanisms allowed us re-
execute only the failed, saving the cost and time of
restarting the entire workflow chain.
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E. Type-Safe Data Flow Validation

In heavy Al workflow, unstructured data is liability. Our
schema-based validation mechanism ensures every piece
of data moving from one node to another maintain its
clear identity. this eliminates unstructured output which
can lead to inconsistent results.

The validation layer successfully prevented node from
overwriting each other’s states and enforced types at the
boundary, we ensured that the model’s output was exactly
what the next model expected eliminating the “data drift”
common in loosely coupled chains.

F. Comparative Analysis

When measured against traditional engines and current
low-code tools, Nodebase offers a distinct architectural
advantage: Eliminates timeout failures through
asynchronous execution.

e Provides real-time execution visibility

e Supports seamless integration of Al models within
workflows

e Reduces data inconsistencies

validation

through type

These improvements highlight the advantages of adopting
an event-driven and type-safe architecture for modern
workflow automation systems.

5. CONCLUSION AND FUTURE WORK

This paper introduced Nodebase, an Al-powered
framework built to fix the structural flaws in modern
orchestration. We started this research because existing
systems are breaking under the weight of Al. They simply
weren't designed for the high latency of LLMs or the
"messy" data that flows between different Al models.

To fix this, we proposed a new architectural standard:
Asynchronous Execution paired with End-to-End Type
Validation. By treating workflows as Directed Acyclic
Graphs (DAGs) and moving the "heavy lifting" to
background workers, we've decoupled the work from the
user's request cycle. This effectively ends the era of
timeout failures. By enforcing strict schema checks at
every single step, we've ensured that data stays
predictable, preventing the "hallucinations” of one node
from poisoning the rest of the system.

Our evaluation proves that this approach works. Nodebase
doesn't just run faster; it runs safer. By adopting event-
driven and type-safe principles, we've demonstrated that
you can achieve high execution stability and superior fault
isolation, even in complex, multi-model environments.
These results show that if you want a scalable Al system,
you cannot rely on the "hope-based" data passing of the
past.

Every architecture has its costs. Nodebase requires
slightly more system overhead to maintain its strict type
safety standards, and its consistent validation can
sometimes limit "loose" workflow architectures.
Optimizing our scheduling efficiency and handling

external services that aren't perfectly predictable remain
our top priorities for the next iteration.

Our next future work is aimed to the next frontier: Agentic
Al Workflow Generation. We are developing ways to let
users describe their queries in natural language and have
Nodebase automatically synthesize the underlying DAG
architecture. This will fill the final gap between human
ideas and executable, reliable Al workflow automation,
making the system truly autonomous and infinitely
scalable while ensuring reliability.
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