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Abstract
Data lakes in modern enterprises are massive, heterogeneous, and
noisy, often preventing non-experts from effectively extracting
value. Bridging the semantic gap between ambiguous user intent
and explicit data requires orchestrating multiple tools under an
open-world assumption. However, reliably executing these com-
pound AI workflows to solve complex knowledge extraction tasks,
while also providing the transparency needed for evaluation and
debugging, remains a significant bottleneck. We propose L.A.K.E.
(Logic Agent for Knowledge Extraction), an agentic data planning
framework designed to map natural language questions to exe-
cutable workflows over diverse data sources. Rather than relying
on a brittle “one-size-fits-all” approach, L.A.K.E. dynamically gener-
ates a declarative plan comprised of modular operators—spanning
relational and semantic functions over heterogeneous data sources.
Within this framework, we introduce and benchmark three dis-
tinct planning regimes: Iterative Planning, Single-Shot Tree Planning,
and Cascade Planning. We present an interactive demonstration
platform that enables users to visually compare the latency and
robustness trade-offs of these planners. By rendering execution
paths as interactive Directed Acyclic Graphs (DAGs) with step-
level provenance, L.A.K.E. provides the critical observability needed
to establish trust, debug failures, and optimize data planning for
enterprise-scale lakes.
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1 Introduction
Enterprise data lakes have become increasingly complex: even spe-
cialists struggle to manage and retrieve data efficiently. Business
analysts and end-users—who are often unfamiliar with data query
languages and/or schema—face particularly high barriers to extract-
ing value from available data assets. In this context, we present a
flexible framework for data planning that explicitly centers user
intent, heterogeneous resources, and open-world uncertainty.
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Our motivation is threefold:
First, enterprise data is massive, heterogeneous, and noisy.

Standard text-to-SQL benchmarks such as Spider [18] operate under
a closed-schema, single-database assumption. However, realistic
enterprise environments involve complex, unnormalized databases
with hundreds of tables, undocumented relationships, and ambigu-
ous naming conventions. The data itself is often plagued by missing
values, inconsistent formatting, and cross-system dependencies
[2, 11]. Enterprise information is notoriously fragmented across
relational databases (e.g., PostgreSQL), semi-structured stores (e.g.,
MongoDB), and unstructured text (e.g., documentation of business
logic), exposing the limitations of the closed-world assumption
prevalent in existing NL2SQL systems. Modern data agents must
treat these diverse modalities, and even external resources such as
the web and LLMs themselves, as first-class data sources with their
own query languages and constraints [1, 9].

Second, a persistent semantic gap and evolving user de-
mands complicate the handling of user queries. The distance be-
tween implicit user intent and explicit data is often large, as databases
generally lack common-sense and the proprietary, company-specific
context necessary to correctly interpret information. Bridging this
gap frequently requires external domain knowledge, implicit as-
sumptions, or derived features that are not directly encoded in
rigid schemas [2, 11]. Furthermore, users increasingly require task-
centric interactions (e.g., “Find me internal candidates in the Bay
Area with at least three years of ML experience who are ready
for a leadership role”) rather than simple data retrieval. This shift
calls for “compound AI” systems [5] capable of schema-agnostic
reformulation and orchestrating multiple tools in a coordinated
manner, rather than issuing a single SQL statement.

Finally, observability and planning evaluation remain sig-
nificant bottlenecks. Recent analyses of LLM agents in production
reveal that developers heavily favor simple, controllable workflows
over unbounded autonomy, identifying reliability and correctness
as their primary hurdles; notably, nearly 70% of production agents
are capped at 10 steps or fewer before requiring human intervention
to prevent cascading failures [12]. Furthermore, because academic
benchmarks rarely capture bespoke enterprise data, evaluating
these systems currently relies heavily on manual, human-in-the-
loop inspection. Consequently, developers need transparency to
understand how an agent decomposes a task, selects tools, and han-
dles errors. Much like the EXPLAIN command in relational databases
establishes trust and highlights optimization opportunities for SQL
execution, the industry requires an interactive platform to visually
inspect, debug, and empirically compare different planning regimes
prior to deployment.
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In this work, we present L.A.K.E. (Logic Agent for Knowledge
Extraction)1, a library that connects user questions to heteroge-
neous data sources by providing specialized planning strategies
over a shared operator set. We focus on limiting the search space of
planning while still allowing rich compositions of Large Language
Models (LLMs) with execution engines. Concretely, we ask:

How can we design a framework that not only maps user
intent to workflows over heterogeneous data but also
provides the observability—akin to a database query
plan—needed to establish trust, inform optimizations,
and evaluate the trade-offs between different planning
regimes?

To this end, our L.A.K.E. framework implements three plan-
ners—Iterative Planning, Single-Shot Tree Planning, and Cascade
Planning—on top of the Blue Architecture framework for agentic
enterprise workflows [5].

See video demonstration on https://youtu.be/c0wpeVFiWwI
Code : https://github.com/megagonlabs/LAKE

2 Related Work
Ourwork is situated at the intersection of text-to-SQL, open-domain
question answering, and agentic planning for enterprise data sys-
tems. Traditional Text-to-SQL systems and benchmarks [7, 18] pre-
dominantly assume a closed-world, single-database setting. How-
ever, enterprise environments demand an open world assumption
where data is fragmented across heterogeneous systems [10]. To
address this, compound AI systems have begun integrating NL2SQL
with retrieval-augmented generation (RAG) [9] and iterative agentic
refinement [4]. Concurrently, declarative frameworks like Palimpzest
[8] and LOTUS [13] embed LLMs directly into data pipelines as
semantic operators to optimize execution. Yet, these execution-
focused engines largely assume the user can already provide a
well-defined query plan.

In contrast, L.A.K.E. addresses the upstream challenge of plan-
ning: dynamically resolving ambiguous user intent into executable
operator graphs. While recent architectures advocate for modu-
lar planning paradigms (e.g., Chain-of-Thought [15], ReAct [16],
Plan-and-Solve [14]) and enterprise orchestration (e.g., Blue [5]),
selecting the optimal strategy remains difficult. L.A.K.E. fills this
gap by providing an interactive, observable demo platform to com-
pare distinct planning regimes—iterative loops, single-shot tree, and
cascade—over a shared operator set. Our work is complementary to
general agent frameworks (e.g., LangChain-, or LlamaIndex-based
agents [3, 9]), but focuses on planning over a constrained operator
set and empowering developers to empirically evaluate latency and
robustness trade-offs prior to deployment.

3 Method
L.A.K.E. is implemented as a planning and execution layer atop
the Blue Architecture [5]. The system exposes multiple planning
strategies that generate a directed acyclic graph (DAG) of executable
steps over a shared toolset. Supported data sources span structured

1We use "knowledge extraction" here to denote the end-to-end retrieval and synthesis
of answers from diverse enterprise data sources, broadly encompassing more than just
the creation of knowledge in a standardized form.

(e.g., PostgreSQL), semi-structured (e.g., MongoDB), unstructured,
and other modalities like vector stores and web search.

Empirical experiments revealed strict trade-offs between latency,
cost, and robustness [6], motivating L.A.K.E.’s multi-strategy ap-
proach. Iterative Planning maximizes robustness on ambiguous
tasks by dynamically adapting to intermediate data; Single-Shot
Tree Planning minimizes LLM calls for low-latency execution on
predictable queries; and Cascade Planning offers a modular middle
ground by decoupling semantic intent from operator linking.

These distinct architectures offer valuable operational advan-
tages. Upfront planners (Single-Shot and Cascade) generate explicit
DAGs, enabling human-in-the-loop review prior to execution. By
decoupling intent from execution, Cascade’s modular design cur-
tails the compounding effect of LLM hallucinations and allows
simpler sub-tasks to be routed to cost-effective models. Further-
more, Cascade accelerates overall latency via pipelining: the engine
links and executes initial steps concurrently while downstream
steps are still being prepared. Further details regarding the tools
and the evaluation of the planners can be found in Appendix B.

3.1 Iterative Planning
The Iterative Planner utilizes a common function-calling pattern
characteristic of modern LLM agents [17]. Operating under an
agentic, one-step policy, the LLM is given the tool set and data
description, and it proposes exactly one concrete execution step
at a time. In this framework, each step maps directly to a tool
in our shared operator set (e.g., issuing a specific SQL query or
executing a search) or a termination signal, rather than a plan-level
meta-operator that modifies an overarching DAG.

The selected step is executed, and a compact summary of the
result is fed back to the LLM. This loop continues until a final
answer or explicit failure is produced.

While this approach is theoretically less efficient due to its stop-
and-wait nature, it allows for dynamic adaptation based on interme-
diate results and the discovery of new constraints or opportunities
during execution [16].

Figure 1 provides an overview of the Iterative Planner.

3.2 Single-Shot Tree Planning (an extension of
plan and execute)

In Single-Shot Tree Planning, the LLM is tasked with producing
a runnable plan directly from the user question. The output is a
JSON object that contains the model’s reasoning steps and a nested
tool tree.

To evaluate howmodel capability and prompt structure influence
this process, we introduce two primary structural approaches and
model classes:

- Single-Shot Tree Planning (guidedNLMerge):Themodel
(e.g., GPT-4o class) follows an explicit checklist enforced by
the prompt (e.g., Data Availability → Reformulation → Tool
Selection). Within this guided approach, we define two gen-
eration directions for constructing the nested JSON: building
the tree from the leaves to the root (inner → outer) versus
root to leaves (outer → inner). The generated tree is then
parsed and executed asynchronously by the engine.
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NL2LLM([],{‘question’:’jobs with 
proficiency in Python’)

USER: Find jobs requiring proficiency in 
Python in the bay area

TIM
E

Title City Benefits

Soft. Engineer Redwood City 1$ water bottle

Data Scientist Mountain View Available chairs

NL2LLM Execution

JOIN Execution

NL2SQL Execution

JOIN([$STEP1,$JOBPOSTINGS)],{‘type’
:’inner’})

NL2SQL([$STEP2],{‘query’:’jobs in Bay 
Area’})

Figure 1: Iterative planning pipeline, where the planner re-
peatedly chooses the next action based on prior steps and
summarized memory.

- Single-Shot Tree Planning (reasoning): The checklist is
omitted entirely. Instead, a stronger, reasoning-optimized
model (e.g., GPT-5 class) relies on its internal reasoning
heuristics to deduce the full task sequence. While the engine
still executes the final emitted plan, the advanced model
functionally acts as a monolithic planner, requiring no
external prompting guardrails to formulate complex nesting.

Figure 2 provides an overview of the Single-Shot Tree Planning.

USER: Find jobs requiring 
proficiency in Python in the bay 

area

TIM
E

‘#Find jobs requiring proficiency in 
Python in the bay area#’

‘NL2LLM(#jobs with proficiency in 
Python#) #and join it with jobs in 

the bay area#’

Title City Benefits

Soft. Engineer Redwood City 1$ water bottle

Data Scientist Mountain View Available chairs

NL2LLM Execution

JOIN Execution

NL2SQL Execution

TIM
E

Guided reasoning:
Is the data available needed? 
We miss the information about 
Python
What is the tool to use? 
NL2LLM will provide a table with 
the jobs title

Guided reasoning:
What are the tools attributes? 
We simply need to give the 
question as question attribute

‘NL2LLM([],{‘question’:’jobs with 
proficiency in Python’) #and join it 

with jobs in the bay area#’

…
‘NL2SQL([JOIN([NL2LLM([],{‘question’:’jo

bs with proficiency in 
Python’),$JOBPOSTINGS)],{‘type’:’inner’)]

,{‘query’:’jobs in Bay Area’})’

Figure 2: Single-Shot Tree planning pipeline, where the LLM
directly emits a runnable tool tree as JSON.

3.3 Cascade Planning
In Cascade Planning, the systemfirst constructs a high-level, natural-
language plan as a linear sequence of steps. The planner outputs,
for each step, only the tool name and an informal intent description.
A separate Linker then converts each natural-language step into
a concrete, executable operator invocation, binding its inputs to
outputs from previous steps. Once the linking process is finalized,
we obtain a DAG constructed from the individual dependencies of
the steps, which enables the engine to determine execution order
and exploit parallelism. Phase 1 is user-focused focusing on intent,
while Phase 2 is data/operator-focused.

This approach offers two main benefits:
(1) Potential for rapid execution. In theory, execution can be-

gin as soon as the first step has been linked, without waiting
for the entire plan to be fully resolved into a DAG. How-
ever, as discussed in our experiments, this speed advantage
can be offset if downstream refinement loops are triggered
frequently.

(2) Intent–execution decomposition. It separates the “what”
(semantic intent) from the “how” (concrete linking of inputs
and attributes), which simplifies prompts and allows for
different models or prompt regimes for planning and linking.

Cascade Planning further incorporates a Refiner that can be
invoked at each element of the pipeline. While an upfront planner
may fail to account for data granularity or implicit constraints, the
refiner can leverage execution feedback to detect anomalies and
adjust. For example, if a user requests “jobs in the Bay Area” but
the database only stores city-level locations, a naive query such
as location = ’Bay Area’ returns no rows. The refiner detects
the empty result, infers a granularity mismatch, and triggers a
mitigation strategy, such as rewriting the query to include a set of
Bay Area cities.

Figure 3 provides an overview of the Cascade Planner.
Natural Language Planning Linking Execution

USER: Find jobs requiring 
proficiency in Python in the bay area

TIM
E

NL2LLM(‘What are jobs requiring 
proficiency in Python’)

JOIN(‘Join table of job posting with 
jobs requiring Python’)

Title City Benefits

Soft. Engineer Redwood City 1$ water bottle

Data Scientist Mountain View Available chairs

NL2LLM({‘question’: ‘What are jobs 
needing Python skills’, 

‘attr_names’:[‘job_name’])

JOIN({‘input_1’:’$STEP1’,’input_2’:’$
STEP2, ‘type’:’inner’})

NL2SQL(‘Find jobs from step 2 that 
are in the bay area’)

NL2SQL({ ‘query’: ‘SELECT Title, City, Benefits 
FROM $STEP3 WHERE Location IS ‘Bay Area’})

NL2LLM Execution

JOIN Execution

NL2SQL Execution

NL2SQL(‘Find all job postings’)
NL2SQL({ ‘query’: ‘SELECT Title, City, Benefits 

FROM job_postings’})
NL2SQL Execution

Figure 3: Overview of the Cascade Planner pipeline, illustrat-
ing linear plan generation, linking, and refinement over a
DAG of operators.

4 Demonstration
To support the evaluation of our system, we provide an interactive
web interface designed to make the system’s behavior fully ob-
servable. The interface allows users to (i) enter a natural-language
question, (ii) select a subset of available tools, (iii) choose a plan-
ning variant, and (iv) inspect the resulting tool pipeline step-by-step.
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Figure 4: The L.A.K.E. demonstration interface. The left pane features (1) planner selection, (2) tool pool management, and (3) a
natural language query input. The right pane provides deep observability via (4) the final result table, (5) the specific execution
configuration, and (6) a DAG visualizing tool dependencies and data linking.

Figure 5: Detailed inspection view and step-level provenance. (7) A summary of the executed pipeline steps. (8) An operator
selector for granular inspection, which updates the view to show (9) specific attributes and parameters used during execution
and (10) a tabular display of the intermediate results.
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Beyond the final answer, the interface exposes intermediate arti-
facts—such as tool attributes and outputs—and the structure of the
generated plan as a DAG.

4.1 User Workflow
The interface follows a four-stage workflow to guide the user from
query to inspection:

(1) Specify the task: The user enters a free-form natural lan-
guage query (e.g., “Give me 10 available jobs and for each of
them, say if they concern restaurant” ).

(2) Constrain the planner: The user selects the specific tools
available for the run (e.g., NL2SQL, ROWWISE_NL2LLM, JOIN,
SELECT, or COUNT). This enables controlled experiments, such
as ablations, to highlight specific planner behaviors.

(3) Select a planner variant: The user chooses a planning
method (e.g., single-run vs. iterative) from the available vari-
ants.

(4) Runand inspect:Upon execution, the UI triggers the pipeline
execution code, collects a structured JSON payload, and ren-
ders a complete, inspectable trace of the run.

4.2 Operator Graph (Plan DAG) Visualization
A central element of the demonstration is the visualization of the
computed plan DAG. In this view, each node represents an operator
or tool invocation, while edges represent dataflow dependencies .
This visualization serves two primary purposes:

- Explainability: It makes the planner’s decomposition ex-
plicit, showing how sub-questions were created, which tools
were chained, and how intermediate results propagate.

- Debugging and Analysis: It provides insight into failure
modes, such as missing attributes, unexpected intermediate
data shapes, or downstream operators consuming incorrect
fields.

The UI includes an interactive graph component allowing users
to click a node to focus on specific execution details. For envi-
ronments without graph dependencies, the UI provides a fallback
dropdown selection system.

4.3 Step-level Provenance
To ensure deep observability, the interface emphasizes step-level
provenance for every operator in the pipeline:

- Attributes: For any selected operator, the UI displays the
parameters used for execution, such as the generated SQL
query, database identifiers, or LLM prompts.

- Outputs: The UI captures and renders the output produced
at each step. Given that many tools return tabular data, the
interface detects these structures and renders them as inter-
active tables.

Additionally, the interface provides an ordered “Pipeline Steps”
list for quick navigation and an expandable raw JSON view of all
recorded steps for logging and reproducibility.

4.4 Reproducibility and Deployment
The demonstration system is designed for both automated experi-
mentation and live interaction:

- CLI Runner: A command-line entry point produces the
full JSON payload for any configuration, enabling scripted
experiments and artifact collection.

- Web UI: A Streamlit-based application provides an interac-
tive layer over the execution path, suitable for live demon-
strations and generating figures for qualitative analysis.

The full interface can be seen in Figure 4 and 5.

5 Conclusion and Future Work
We have presented L.A.K.E., a library designed to bridge the gap
between complex enterprise data lakes and non-expert user intent
through modular planning strategies. By implementing Iterative
planning, Single-Shot Tree, and Cascade regimes, we provide a flex-
ible framework for orchestrating heterogeneous data tools under
an open-world assumption. As demonstrated, the ability to decom-
pose user intent into executable DAGs allows for a transparent and
explainable path from raw query to final answer.

Ourwork highlights that the choice of planning strategy—whether
prioritized for robust self-correction (Iterative), rapid low-latency ef-
ficiency (Single-Shot Tree), or modular intent-execution decoupling
(Cascade)—is a critical design decision in enterprise data systems.
We include limitations in Appendix A. Future work will focus on:

(1) Rule-based planning. Integrating rule-based components
to systematically handle recurrent input/output mismatches
discovered during experiments (e.g., automatically simplify-
ing joins or enforcing schema guards).

(2) Human-in-the-loop verification. Enhancing the demon-
stration interface to allow users to intervene and refine the
planning DAG before or during execution.

(3) Dynamic strategy routing. Developing a "meta-planner"
that predicts the optimal planning regime for a given query
to balance latency, cost, and expected success.

(4) Cross-modality expansion. Integrating specialized opera-
tors for graph databases and vector stores to fully support the
"compound AI" requirements of enterprise environments.
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A Limitations.
Our current framework exhibits several limitations. First, tool in-
teroperability remains a bottleneck; input/output mismatches be-
tween operators can cause planning failures that require manual
schema tuning. Second, while the Iterative planner offers supe-
rior robustness through feedback loops, it introduces significantly

higher latency compared to single-shot methods, which may be
unsuitable for real-time applications. Third, the quality of generated
plans remains highly dependent on the reasoning capabilities of
the underlying LLM, which varies across model classes and prompt
configurations. Finally, ensuring consistent data provenance across
complex joins and multi-modal retrievals remains an ongoing chal-
lenge for complete auditability.

B Experiments
B.1 Setup
We implement our methods using the Blue Architecture framework
for enterprise agentic workflows.2 For benchmarking, we draw
on the logic of standard text-to-SQL datasets (e.g., Spider [18])
but synthetically create a new dataset to reflect our open-world
assumption. We use an LLM (Grok) to generate 66 questions of
varying difficulty (Easy, Medium, Hard, Very Hard) over a schema
involving PostgreSQL and web search tools.

Tool Set. Our experiments use a shared operator set:
- NL2SQL / SMARTNL2SQL: Convert natural language to SQL
(running either on the database or on intermediate rows).

- NL2LLM / ROWWISE_NL2LLM: Open-domain knowledge queries
via LLM tools.

- SELECT, JOIN, APPEND, COUNT: Standard relational-style data
manipulation operators.

- JOIN_2: A simplified binary join operator introduced be-
cause a generic N-way JOIN proved too complex for reliable
LLM use in our setting, consistent with prior reports on
operator complexity in text-to-SQL agents [1].

Evaluation Protocol. Because enterprise settings rarely pro-
vide gold-standard QA datasets for open-ended retrieval, we adopt
a collective judging methodology similar to compound-agent evalua-
tion practices [10]. For each question, we run every planner 5 times,
shuffle and anonymize all generated plans and answers, and ask an
LLM-as-judge to identify correct outputs. This mitigates variance
across runs and reduces bias toward specific planner identities, at
the cost of relying on LLM-based evaluation.

B.2 Results and Discussion
Figure 6 summarizes our empirical comparison across planners,
mapping their selection frequency by an LLM-as-judge against
their average latency.

Performance by Planner Type.
- Single-Shot Tree Planning (reasoning). This pipeline
relies on a state-of-the-art reasoning model (GPT-5 class)
acting as a monolithic planner. It dominates the bench-
mark, achieving the highest number of top-tier evaluations
(41.5 LLM Best Picks) and the fastest average latency (72.5
seconds). However, because this variant utilizes a signifi-
cantly more powerful and expensive model than the others
(which rely on standard GPT-4o-class models), it represents
a ceiling of what is possible rather than a direct algorithmic
baseline.

- Single-Shot Tree Planning (guided NLMerge, inner →
outer). Utilizing a standard LLM, this guided tree variant

2https://github.com/megagonlabs/blue
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Figure 6: Planner performance as selected by an LLM-as-
judge against average latency (lower is faster). Data repre-
sents averages across a 66-question dataset of varying diffi-
culties.

is highly efficient. It yields the second-best latency (75.2
seconds) and a solid performance rate (18.5 picks), making
it a strong baseline for standard complexity tasks.

- Single-Shot Tree Planning (guided NLMerge, outer→
inner).Conversely, reversing the generation direction causes
the standard LLM to struggle in comparison. It takes longer
(117 seconds) and yields fewer optimal results (10.5 picks),
highlighting the sensitivity of single-shot planning to prompt
design and operator ordering.

- Cascade Planner. Despite its theoretical advantage of rapid
execution initiation via pipelining, the Cascade Planner records
moderate performance (15 picks) and relatively high aver-
age latency (134 seconds). We hypothesize that this latency

inflation occurs because, when the Cascade Planner fails, its
refinement steps dynamically generate new iterations of the
plan. The overhead of repeatedly evaluating and correcting
these sub-plans heavily penalizes its average execution time.

- Iterative Planner. The Iterative Planner serves as a “pay la-
tency for robustness” option.While it generates a respectable
number of correct, self-corrected plans (19.5 picks), its stop-
and-wait loop makes it the slowest method by far, averaging
204.3 seconds—nearly three times slower than the leading
single-shot tree.

The Case for Dynamic Routing Across Difficulties.
At first glance, the overwhelming success of the Single-Shot Tree

Planning (reasoning) variant might suggest that the other pipelines
are obsolete. However, it is crucial to note that these metrics rep-
resent averages across 66 questions ranging from Easy to Very
Hard.

The dominance of the GPT-5 class reasoning model masks the
fact that for many Easy and Medium queries, the much lighter,
cost-effective Single-Shot Tree Planning (guided NLMerge, inner→
outer) variant achieves identical success rates. Furthermore, while
the Cascade Planner’s refinement cycles slow its average time, its
modularity remains highly beneficial for isolating hallucinations
on multi-step schemas.

Consequently, a “one-size-fits-all” approach is suboptimal in a
production environment. Instead, these results argue strongly that
a planning strategy should be carefully selected for each individual
question and its predicted difficulty. An ideal architecture would em-
ploy a dynamic meta-router that defaults to fast, guided NLMerge
pipelines for straightforward queries, reserving the expensive GPT-
5 reasoning model or the highly adaptive Iterative Planner strictly
for Very Hard, ambiguous queries where self-correction and deep
reasoning justify the cost and latency overhead.
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