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ABSTRACT

Large language models have enabled natural language interaction
with data, yet current data agents remain difficult to deploy as reli-
able analytical systems. They often couple all tools, intermediate
observations, and execution traces into a single conversational con-
text, making heterogeneous analysis fragile, opaque, and hard to
optimize. We present DEEPEYE, a workflow-centric agentic data
system that turns user intents into transparent and steerable ana-
lytical workflows. DEEPEYE abstracts heterogeneous capabilities as
typed nodes, separates probabilistic AgentNodes from determinis-
tic ToolNodes, and orchestrates them through a database-inspired
engine with compilation, validation, optimization, and execution
stages. This design allows the planner to reason at the level of typed
interfaces while local agents solve specialized tasks under isolated
contexts. It also exposes workflow states for human inspection and
intervention. To support reliable database question answering, we
develop a dedicated natural-language query engine inside DEEP-
Eve, DEEPEYE-SQL, which achieves 73.5% execution accuracy on
BIRD-Dev and 89.8% on Spider-Test. For data video generation, we
develop DAaTAMAGIC as the system’s Video Generator, a declarative
multi-agent method that improves data-video quality from 2.13 to
3.89 on 109 samples. A case study further illustrates how DEEPEYE
coordinates database querying, document analysis, and multimodal
report generation in a single auditable workflow.
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1 INTRODUCTION

Large Language Models (LLMs) are changing the way users inter-
act with data. Instead of writing SQL, configuring dashboards, or
manually switching among data tools, users increasingly expect
data agents that can interpret analytical intent, access enterprise
data sources, and synthesize actionable insights through natural lan-
guage [17, 28]. This vision is especially appealing for business users,
who often need to combine structured databases, spreadsheets, doc-
uments, and domain knowledge into a coherent analysis.

However, the current generation of data agents remains closer
to “ChatBI” than to dependable analytical systems. Most systems
assemble a set of tools around an LLM and let the model decide
a linear sequence of calls. This design is flexible, but it becomes
brittle as tasks become longer, more heterogeneous, and more in-
teractive. A user request such as “analyze global sales performance
and explain the main risks” may require database querying, docu-
ment retrieval, metric definition lookup, visualization, and report
generation. When all tool descriptions, intermediate outputs, and
reasoning traces are placed in a single context window, the agent
easily loses focus, hallucinates tool parameters, or fails to reuse
partial results.

We identify three recurring obstacles: (C1) heterogeneous data
grounding, where real analytical tasks rarely live in one modal-
ity and existing Text-to-SQL [12, 13] or retrieval-augmented sys-
tems [11] provide only partial coverage; (C2) context explosion,
where complex workflows force a monolithic agent to keep many
tools, intermediate artifacts, and reasoning traces in one global
memory, creating interference between high-level planning and
local task execution; and (C3) unverifiable execution, where LLM-
generated chains are opaque and sequential, making it difficult for
users to inspect whether SQL queries, chart specifications, or down-
stream report steps are well-typed, and for the system to exploit
parallelism among independent steps.

This paper presents DEEPEYE, a workflow-centric agentic data
system designed to address these challenges. DEEPEYE departs from


https://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:info@vldb.org
https://deepeye.tech/

Meta-data Report Datasource
Generator Read

Analytical
Report

— [ Short-term ] [ Long-term ] =
------------------ (R o)
Memory d Generator Generator
Data
Orchestrate File System Code Dashboard i
__Str%r lélPlanner ’ Ope?/a tor Executor Generator Data Video
. o
Report @
Semi-structured | ﬁﬁ
T Node =
T ageniods i TooiNods '
0 @Agent Node ES Tool Node '
Unstructured ' Code 1 Dashboard
0 *‘F k Generator Executor g 1. Compiler ( 2. Validator )
'
Knowledge : Generator Operator : - mfo
. Dashboard Knowledge '
Knowledge Doc k Generator Q’ earchg $ : s Opt|m|zer ( 4 Exect{tf:r )
: 0
0 [
. .
'

Infra: Qwy

@PostgreSQL @ Redis \/.\| VexDB MINIO ‘Amazonsa

Figure 1: The workflow-centric architecture of DEEPEYE. A memory-augmented planner produces typed workflow DAGs; the
workflow engine compiles, validates, optimizes, and executes them over heterogeneous AgentNodes and ToolNodes.

the linear chat paradigm and represents analysis as a transpar-
ent Directed Acyclic Graph (DAG). Each node exposes a typed
interface and encapsulates either deterministic execution logic or
probabilistic local reasoning. A memory-augmented planner maps
user intent into a logical workflow, while a database-inspired work-
flow engine compiles the plan into executable nodes, validates type
and dependency constraints, optimizes the topology, and executes
independent branches in parallel.

The key idea is to make agentic analytics steerable. A workflow
is not only an internal trace but also a user-facing object that can be
inspected, edited, validated, and archived. Users may bind explicit
context through references such as @Sales Database or @Financial
Metrics, inspect generated SQL inside an AgentNode, modify node
parameters, and rely on the validator to detect schema mismatches
before execution. At the same time, the planner can learn from suc-
cessful workflows by saving them as standard operating procedure
(SOP) templates.

This paper makes three contributions. (1) We present DEEPEYE,
an end-to-end workflow-centric data intelligence agent system that
models heterogeneous analytics as inspectable and reusable work-
flow DAGs. (2) We design the core abstractions and runtime of DEEP-
EYE, including typed AgentNodes/ToolNodes, memory-augmented
planning, context-isolated execution, validation, optimization, par-
allel scheduling, and human steering. (3) We evaluate key system
capabilities through the DEEPEYE-SQL [12] and DataMagic [3]
subsystems, together with a global-sales case study, demonstrating
reliable database grounding and multimodal artifact generation.

2 PROBLEM FORMULATION

Inputs and Artifacts. An analytical session starts with a natural
language request R, an optional context binding $, and system
memory M. The binding B contains user-selected resources such
as databases, uploaded files, spreadsheets, or domain knowledge
collections; M contains schema metadata, historical workflows,
and reusable standard operating procedures (SOPs). We represent
every intermediate result as a typed artifact a = (x, 7), where x is

the artifact content and 7 is its type, e.g., relation, document chunk,
chart specification, dashboard, data video, or report.

Agentic Data Workflow. We model an analytical task as the syn-
thesis and execution of a workflow DAG:

G =(V.8). 1)
Each vertex v € V is a typed node:
0 = (dy, I, Oy, Co, Po), (2

where d, is a semantic description, I, and O, are input and output
ports, ¢, is the configuration, and ¢, is the node’s internal execution
logic. A port is a schema tuple p = (k, 7, §), consisting of a key, type,
and natural language description. Each edge e = (u,0;,0,p;) € &
connects an output port o; € O, to an input port p; € I,, denoting
an artifact dependency.

Workflow Synthesis. The planner solves a constrained synthesis
problem:

IIH(R,B.M) - G, (3)

where ITg denotes the LLM-based planner. Rather than optimizing
an opaque scalar objective, DEEPEYE first requires the generated
workflow to be executable and valid:

VALID(G) © Acycric(G) A Ve = (u,05,0,p;), 7(0;) = 7(pj). (4)

Here, < denotes type compatibility, allowing exact matches or ap-
proved coercions. The validator also checks that required ports,
credentials, and bound resources are available before execution.
Given a valid workflow, the executor produces user-facing analyt-
ical artifacts such as SQL results, charts, dashboards, data videos,
and reports.

G1: Unified Heterogeneous Control. The workflow should ex-
pose a common interface for heterogeneous operators. A database
query node, a document retrieval node, a Python executor, and a
report writer should all be schedulable and composable without
forcing the global planner to understand their internal implemen-
tations.



G2: Context-Isolated Reasoning. The global planner should rea-
son about workflow topology and dependencies, not all local rea-
soning details. Specialized agents should receive only the context
needed for their local task, thereby reducing prompt interference
and limiting the blast radius of hallucinated intermediate thoughts.

G3: Execution-Grounded Reliability. The generated workflow
should be checked before and during execution. Structural errors
such as cycles, missing credentials, or incompatible data schemas
should be caught before runtime; recoverable execution failures
should be returned to the planner as concrete feedback for repair.

G4: Human Steerability. Enterprise analytics often requires user
intervention. Users should be able to inspect intermediate artifacts,
edit node parameters, validate modifications, and archive a verified
workflow as reusable organizational knowledge.

3 DEEPEYE ARCHITECTURE

Figure 1 shows the architecture of DEEPEYE. The system instan-
tiates the formulation in Section 2 through four tightly coupled
components: a node registry, a memory-augmented workflow plan-
ner, context-isolated AgentNodes, and a steerable workflow control
plane. The workflow engine in Section 4 then validates, optimizes,
and executes the generated DAG.

3.1 Node Registry and Unified Protocol

The node registry is the system catalog of DEEPEYE. As summa-
rized in Table 1, it stores a node card for each available capability,
including its registry key, semantic description d,, node class, in-
put/output port schemas, default configurations, resource require-
ments, validation hooks, and runtime backend. This registry plays
the same role for agentic workflows that a system catalog plays
for a DBMS: it defines what operators exist and how they can be
composed.

During planning, the planner does not prompt the LLM with
arbitrary implementation details. Instead, it retrieves a compact
set of candidate node cards according to the user request, context
binding, and memory. Candidate retrieval uses the semantic descrip-
tion d, for capability matching, while port schemas prune invalid
compositions. For example, a node that expects a relation cannot
be connected directly to a document chunk unless an approved
conversion node exists. This design reduces the search space of
workflow synthesis and limits hallucinated tool calls.

ToolNodes. ToolNodes encapsulate deterministic operations such
as database access, file parsing, code execution, and artifact storage.
Their execution logic is implemented as code and can be retried,
sandboxed, and audited. ToolNodes are useful whenever correctness
depends on deterministic system behavior rather than language-
model judgment.

AgentNodes. AgentNodes encapsulate probabilistic reasoning. The
SQL Generator is backed by the DEEPEYE-SQL query subsystem and
may perform schema linking, SQL generation, verification, and re-
pair. We develop DataMagic [3] as the Video Generator subsystem:
it produces a DVSPEC scene sequence that binds charts, narration,
and animation triggers to data references before rendering video
assets. A report AgentNode may synthesize retrieved evidence and
computed results into a narrative artifact. Each AgentNode may

own private prompts, tools, and short-term memory, but exposes
only typed ports and structured logs to the outer workflow.

3.2 Memory-Augmented Workflow Planning

The planner maps (R, 8, M) to a logical workflow in four stages.
First, it grounds the request using explicit bindings such as @Sales
Database and @Financial Metrics. Second, it retrieves relevant schema
memory, domain memory, and SOP memory. Schema memory con-
tains table names, column types, constraints, and sample values; do-
main memory contains metric definitions and business documents;
SOP memory stores verified historical DAGs. Third, it selects can-
didate nodes from the registry and constructs a topology. Fourth, it
fills node parameters and artifact bindings.

The planner output is a structured logical plan rather than free-
form text. Each node record contains a stable identifier, registry
key, input bindings, output aliases, dependencies, configuration
values, and an editability flag. This plan is the contract between the
LLM planner and the workflow engine. It prevents execution from
depending on hidden chain-of-thought text and gives the compiler
a concrete intermediate representation to parse.

SOP reuse is important for enterprise settings. If the retrieved
SOP matches the current request, the planner instantiates the stored
template and only adapts bindings and parameters. Otherwise, it
synthesizes a new topology. After a successful run, the workflow
can be archived back into memory, either automatically or after
expert confirmation from the user interface.

3.3 Context-Isolated AgentNodes

DEeEPEYE separates global orchestration context from local rea-
soning context. The global planner sees the user request, selected
bindings, retrieved node cards, high-level artifacts, and structured
feedback. It does not see every token produced inside each AgentN-
ode. Conversely, an AgentNode receives only the local inputs re-
quired by its port schema and may use internal tools specialized
for its task.

This isolation is designed to mitigate context explosion. For ex-
ample, the SQL Generator can maintain detailed schema-linking
evidence and candidate SQL traces internally, and the Video Gen-
erator can maintain DVSPEC scene plans, narration segments, and
rendering traces internally, while the report AgentNode only re-
ceives final relations, SQL provenance summaries, video assets, and
relevant business evidence. The outer DAG therefore remains com-
pact and auditable even when individual nodes perform complex
reasoning.

3.4 Steerable Workflow Control Plane

DEEPEYE exposes the workflow intermediate representation through
a graphical control plane. The chat panel captures intent and con-
text binding; the canvas visualizes nodes, dependencies, and execu-
tion status; the inspector exposes node parameters, generated SQL,
prompt summaries, schemas, logs, and output artifacts. User edits
are applied to the workflow IR rather than to an opaque chat tran-
script. After an edit, the modified DAG is sent back to the validator
before execution resumes.

This control plane turns human intervention into a first-class
system operation. A user can pause execution, inspect a suspicious



Table 1: Node contracts in the DEEPEYE registry. The table reports external interfaces exposed to the planner and validator.

Node Kind Main Inputs Main Outputs Validation / Runtime Checks
Agent Nodes
SQL Generator Agent Question, Schema, Database SQL Query, Relation, Query Log Schema Linking; Syntax and
Context Execution Feedback
Video Generator Agent Insights, Charts, Narration Goal DVSPEC, Data Video Assets Data-Binding Coverage; Media
Rendering Status
Dashboard Generator Agent Relation, Chart Intent, Layout Dashboard Specification and Data-Column Compatibility;
Goal Preview Layout Completeness
Report Generator Agent Relations, Charts, Evidence Analytical Report Evidence Coverage; Citation and
Provenance Links
Tool Nodes
Datasource Read Tool Bound Database, Query or Table Relation, Schema Snapshot Credential Availability; Schema
Reference and Access Checks
File System Operator Tool File Path, Operation, Artifact File Artifact, Parsed Metadata Path Validity; File Size and Format
Handle Checks
Knowledge Search Tool Question, Knowledge Collection Evidence Chunks, Provenance Collection Access; Chunk
Summary Provenance; Relevance Score
Code Executor Tool Code, Input Artifacts Derived Table, Chart Spec, File Sandboxed Execution; Timeout;
Artifact Output Type Check

SQL query, adjust a filter, reconnect a downstream node, and re-
run only affected parts of the workflow. Once accepted, the edited
workflow can be saved as an SOP, allowing future planning to reuse
human expertise instead of rediscovering the same workflow from
scratch.

4 WORKFLOW ENGINE

DEEPEYE uses a database-inspired workflow engine to turn LLM-
generated logical plans into reliable execution. The engine separates
plan generation from plan execution, allowing the system to apply
static checks and topology optimization before invoking expensive
or stateful tools.

Compilation. The compiler parses a logical JSON plan into a
DAG object. It resolves variable references, binds output ports to
downstream input ports, instantiates concrete node classes, and
materializes default configurations. The result is an executable plan
whose structure can be inspected independently of the LLM prompt
that produced it.

Validation. The validator performs static analysis before execution.
It checks acyclicity, required inputs, port compatibility, credential
availability, and artifact accessibility. For example, if a SQL node
produces a relation but a downstream report node expects a chart
specification, the validator reports a type mismatch before the
workflow runs. Validation also supports human-in-the-loop editing:
a user can manually revise SQL or reconnect nodes, and the same
checks prevent invalid modifications from entering execution.
Optimization. The optimizer analyzes the DAG topology using
dependency information. It groups nodes into execution layers,
where nodes in the same layer have no unresolved dependencies
and can be dispatched concurrently. This optimization is important
for multimodal analytics: retrieving financial metric definitions
from a document collection and querying sales records from a

database can proceed in parallel, while a downstream report node
waits for both artifacts.

Execution and Feedback. The executor schedules optimized lay-
ers over an asynchronous backend implemented with Celery [5]
and Redis [22]. Artifacts are exchanged through a shared object
store backed by PostgreSQL metadata [20] and MinIO/S3 object
storage [1, 19]. ToolNode execution runs in sandboxed Docker con-
tainers [18]. Transient errors trigger retries; non-transient errors
are returned to the planner with structured traces. The planner can
then repair a node parameter, replace a node, or adjust the topology
while preserving unaffected parts of the workflow.

This architecture yields two practical advantages. First, relia-
bility is no longer delegated entirely to LLM self-reflection; it is
grounded in typed interfaces, deterministic checks, and execution
traces. Second, efficiency emerges from the workflow graph itself:
independent tasks become explicit, and the scheduler can exploit
parallelism without relying on the LLM to manually interleave
operations.

5 EVALUATION

5.1 DeepEye-SQL Query Subsystem

Query Subsystem. Database access is a core capability of DEEPEYE.
To support reliable question answering over structured data, we
developed DEePEYE-SQL [12] as the system’s dedicated natural-
language query subsystem. It follows the same workflow-centric
philosophy as DEEPEYE: SQL generation is decomposed into schema
grounding, N-version implementation, deterministic tool-chain test-
ing, and confidence-aware release. Its evaluation therefore provides
direct evidence for a critical subsystem of DEEPEYE and for the
broader design principle of embedding LLM reasoning inside ver-
ifiable workflows rather than executing it as a single free-form
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Table 2: Representative performance comparison on BIRD-
Dev and Spider-Test. BIRD-EX and Spider-EX denote execu-
tion accuracy (%).

Method Model BIRD Spider

Fine-tuning-based Baselines

OmniSQL [14]
CHASE-SQL [21]
XiYan-SQL [16]

Qwen2.5-Coder-32B 67.0  89.8
Gemini-1.5-Pro/Flash 73.0  87.6
GPT-40 + Qwen2.5-Coder 733  89.7

Prompting-based Baselines

RSL-SQL [4] GPT-40 672 879
CHESS [23] Gemini-1.5-Pro 68.3 -
Alpha-SQL [13] Qwen2.5-Coder-32B 69.7 -
DEEPEYE-SQL Query Subsystem
DEEPEYE-SQL Gemma3-27B 711 88.9
DEEPEYE-SQL Qwen2.5-Coder-32B 70.9 88.7
DEEPEYE-SQL Qwen3-Coder-30B 73.5 89.8

response. The reported configurations cover representative propri-
etary and open-weight model families, including GPT-40 [8], Gem-
ini [2], Gemma 3 [9], Qwen2.5-Coder [7], and Qwen3-Coder [25].

Benchmark Effectiveness. Table 2 evaluates whether the query
subsystem can answer database-grounded questions accurately on

standard Text-to-SQL benchmarks [15, 26]. For compact single-
column presentation, we omit model-size columns and retain rep-
resentative strong baselines from the dedicated DEEPEYE-SQL eval-
uation. With Qwen3-Coder-30B, DEEPEYE-SQL achieves 73.5% EX
on BIRD-Deyv, slightly above strong multi-generator and multi-path
baselines, and reaches 89.8% EX on Spider-Test. On the official
BIRD-Test split, it further reports 75.07% EX. More importantly for
DEEPEYE, the same subsystem remains effective in the enterprise-
style Spider 2.0 setting [10]: it reaches 50.5% on Snow and 38.2% on
Lite, compared with 38.0% and 29.6% for ReFoRCE [6] and 33.1% on
Lite for LinkAlign [24].

Workflow Mechanisms. The gains are consistent with the in-
ternal workflow design of the subsystem. Robust schema linking
reaches 98.1% table recall and 95.4% column recall while reducing
the schema context from 5486.2 full-schema tokens to 627.4 linked-
schema tokens. N-version generation reaches 71.7% selected EX
and 81.1% upper-bound EX, showing that independently generated
candidates solve complementary subsets of questions. Removing
ICL generation, semantic value retrieval, or tool-chain testing re-
duces accuracy by 2.5, 2.1, and 2.1 points, respectively, validating
the value of both semantic grounding and executable verification.
Runtime Efficiency. Efficiency is equally important because the
SQL Generator is invoked inside larger DEEPEYE workflows rather
than as an isolated benchmark program. On BIRD-Dev, DEEPEYE-
SQL uses 23.21K input tokens and 23.16K output tokens per query,



Table 3: Evidence for the DataMagic Video Generator. Qual-
ity scores use a 1-5 rubric on 109 real-world samples; the
user study involved 12 participants.

Metric Direct / Baseline DaTaMagIc
Avg. Video Quality 1.91-2.22 3.38-3.89
Execution Success 48.62-86.24% 95.41-98.17%
Narrative Quality 1.88-2.07 3.16-3.84
Animation Quality 1.65-1.94 3.79-4.39
Creation Time 39.2 min 8.4 min
Usability Score 3.22 5.97

with an average latency of 17.8 seconds and 73.5% EX. In compari-
son, CHESS [23] uses 327.02K input tokens and 284.4 seconds per
query, while Alpha-SQL [13] uses 138.03K input tokens and 377.1
seconds per query. DEEPEYE-SQL further reports a 3.49x speedup
on large schemas through parallel execution. These results validate
the database-querying subsystem of DEEPEYE, while the case study
below illustrates how the subsystem is composed with document
retrieval and multimodal artifact generation.

5.2 DataMagic Video Generation Subsystem

Video Subsystem. To support data video generation in DEEPEYE,
we develop DataMAgGiIc [3] as a declarative multi-agent subsys-
tem for authoring data videos from raw tabular data. Given in-
sights, charts, and a narration goal, the Video Generator produces
a DVSPEC scene sequence that binds visual elements, narration
segments, and animation triggers to data references. This repre-
sentation fits the DEEPEYE node abstraction: the outer workflow
sees a typed data-video artifact, while local generation keeps scene
planning, audio-visual synchronization, and rendering traces inside
the node.

Video Generation Evidence. Table 3 summarizes the evidence
most relevant to the Video Generator subsystem of DEEPEYE. On
109 real-world samples, direct LLM generation achieves average
quality scores between 1.91 and 2.22, whereas our DATAMAGIC
variants reach 3.38-3.89 with execution success rates above 95%.
The largest gains occur in narrative quality (1.88-2.07 to 3.16-3.84)
and animation quality (1.65-1.94 to 3.79-4.39), matching the re-
sponsibilities of the Video Generator: selecting coherent scenes and
synchronizing visual emphasis with narration. A within-subjects
user study with 12 participants further shows that DaAtaMagic
reduces task completion time from 39.2 to 8.4 minutes, a 78.6%
reduction, while increasing usability from 3.22 to 5.97.

5.3 Global Sales Analysis Case Study

Context Binding,. Figure 2 illustrates DEEPEYE on a “Global Sales
Performance Analysis” task. The user first uploads business docu-
ments to the knowledge base panel (Fig. 2-A) and structured sales
files to the data source panel (Fig. 2-B). In the chat panel (Fig. 2-
C), the user explicitly binds @Financial Metrics, @Meta-data, and
@Sales Database before asking: Help me analyze the 2025 global
sales performance, generate video, dashboard, and analytical report.
This explicit binding grounds planning in user-selected resources
rather than relying on implicit data selection.

Workflow Execution. The workflow agent records planning and
execution progress in the process panel (Fig. 2-D), while the com-
piled DAG is exposed on the workflow canvas (Fig. 2-E). The gen-
erated workflow contains two independent evidence-gathering
branches: a Knowledge Search node retrieves metric definitions,
and a Datasource Read node retrieves database rows. The optimizer
places these branches in the same execution layer, after which a
Code Executor derives intermediate analytical artifacts. The down-
stream Video Generator, Dashboard Generator, and Report Genera-
tor consume these artifacts to produce user-facing outputs.
Human Steerability. The inspector (Fig. 2-F) exposes node-level
parameters, query text, and runtime status, allowing the user to
inspect or edit the workflow before downstream artifacts are final-
ized. If an edited node is connected to an incompatible downstream
node, the validator raises a schema mismatch before execution; af-
ter correction, DEEPEYE re-executes only the affected downstream
subgraph. The accepted workflow produces a data video (Fig. 2-G1),
dashboard (Fig. 2-G2), and analytical report (Fig. 2-G3), making the
end-to-end analysis both auditable and steerable.

6 RELATED WORK AND DISCUSSION

Text-to-SQL and Data Interaction. Text-to-SQL research trans-
lates natural language into executable relational queries and has
made rapid progress with LLMs [12, 13]. These systems are essen-
tial for database-grounded analytics, but they typically focus on
one modality and output type. In DEEPEYE, DEEPEYE-SQL provides
this capability as a query subsystem whose outputs become typed
workflow artifacts for downstream visualization, video generation,
dashboard construction, and report writing.

Agentic Workflows. Recent agent frameworks explore planning,
tool use, and workflow generation [27]. General-purpose agents
often expose limited structure and rely on LLM-generated traces
for correctness. DEEPEYE instead centers typed workflow graphs,
enabling static validation, runtime optimization, provenance-aware
execution, and human editing while keeping specialized reasoning
inside AgentNodes. Successful workflows can be saved and adapted
rather than reconstructed from chat histories.

Limitations. DEEPEYE is a system prototype rather than a finished
benchmark suite. Current evidence covers its query and video-
generation subsystems, while full heterogeneous-workflow evalua-
tion remains ongoing. Typed ports catch structural mismatches but
not semantic errors, motivating stronger validators, provenance
tracking, task-specific judges, user studies, logging, recovery, and
governance.

7 CONCLUSION

We presented DEEPEYE, a workflow-centric agentic data system
that represents heterogeneous analytics as typed, inspectable work-
flow DAGs. By separating AgentNodes and ToolNodes, DEEPEYE
makes planning, validation, execution, and user steering explicit
system functions. Evaluations of its DEEPEYE-SQL and DATAMAGIC
subsystems, together with the global-sales case study, show that
reliable query grounding and multimodal artifact generation can be
composed in one auditable workflow. Overall, DEEPEYE advances
data agents toward transparent, steerable, and reusable analytical
systems.
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