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ABSTRACT

Exploratory question answering (EQA) over data lakes requires an
LLM agent to discover relevant sources, analyze retrieved data, and
adapt its actions based on intermediate results. End-to-end accuracy
alone cannot distinguish failures in search, planning, data analysis,
or the agent’s Action Policy: its decisions about what to do next
and when to submit an answer. We present SANA (Search Agent
Navigation Ablation framework), a diagnostic ablation framework
that transforms EQA tasks into runtime profiles containing gold
source sequence, sanitized subquestions, and execution records.
SANA uses these profiles to construct idealized search, planning,
and data-analysis tools, allowing each component to be ablated,;
the residual gap is diagnostic evidence for policy failures.

To illustrate SANA as a reusable evaluation framework, we
adapted two recent EQA benchmarks, LakeQA and KramaBench,
and evaluated lightweight and mid-sized agents under fixed prompts,
budgets, data lakes, and runtimes. Across both benchmarks, data
analysis is a consistent bottleneck while planning is less so. Search
is a major limitation in LakeQA’s large data-lake setting, but less
so for the smaller-scale KramaBench. SANA thus deconstructs end-
to-end task accuracies into a diagnosis of where data-lake agents
fail, and allows for systematic comparisons of progress in search,
planning, data analysis, and agent design.
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1 INTRODUCTION

Exploratory question answering (EQA) was recently introduced
in LakeQA [20] as the problem where an agent must answer ques-
tions over facts that are distributed across a large data lake. The
agent must iteratively reason about missing evidence that must be
searched for, inspect and analyze retrieved data, and use interme-
diate findings to guide subsequent actions. This models practical
analytics over data lakes: data scientists and business analysts can

This work is licensed under the Creative Commons BY-NC-ND 4.0 International
License. Visit https://creativecommons.org/licenses/by-nc-nd/4.0/ to view a copy of
this license. For any use beyond those covered by this license, obtain permission by
emailing info@vldb.org. Copyright is held by the owner/author(s). Publication rights
licensed to the VLDB Endowment.

Proceedings of the VLDB Endowment. ISSN 2150-8097.

User question
"What is the elementary school in New York whose location includes Clinton Hill and adjacent neighborhoods, has an
average class size <= 10 each year and the fewest violent incidents between 2008 to 2011?"
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Figure 1: EQA agent runtime loop, with inherent bottlenecks
during planning, searching, and data analysis.

formulate high-level questions, but not the tables, filters, or compu-
tations needed to answer them.

Evaluating EQA is difficult because success depends not only on
the quality of individual capabilities (e.g., search, planning, analysis
of retrieved datasets), but also on how the agent composes them
over a long trajectory. We refer to the agent’s Action Policy, or
simply Policy, as the turn-level decision process that selects the
next action given the question, discovered sources, intermediate
observations, tool errors, and remaining budget. At each turn, the
policy must decide whether to search, inspect, compute, validate,
revise, or submit an answer.

Prior work has advanced individual capabilities needed for EQA,
including agentic retrieval [2, 10, 24], planning and decomposi-
tion [11, 14], tool use [15, 16], and code/SQL generation [8, 9,
23]. EQA requires these capabilities to interact in a single long-
horizon loop [20]. Recent evaluations study facets of EQA: DCI [10]
gives agents direct grep-style corpus access, while Metadata Rea-
soner [25] evaluates sufficient and minimal dataset selection. Nei-
ther isolates the contributions of search, planning, analysis exe-
cution, and agent policy to end-to-end accuracy. Consequently,
failures from missing data, ignored evidence, incorrect decompo-
sition, and brittle SQL or code remain conflated. SANA provides
controlled ablations that diagnose these bottlenecks in end-to-end
EQA agents.

To bridge this gap, we propose SANA (Search Agent Navigation
Ablation framework), an ablation framework to study EQA agent
policies. Specifically, we develop an idealized EQA agent whose
trajectory planning, search system, and data analysis code are de-
signed using the ground truth. This produces an optimistic upper
bound, unattainable in practice, that isolates the agent’s policy
decisions, such as invoking tools and submitting its final answer.
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Figure 2: SANA’s three runtime components as an ablation
study. Each component can be evaluated with idealized, stan-
dard, baseline, or custom implementations.

We then systematically ablate each component with widely used
implementations (e.g., BM25 or hybrid for search).

By idealizing individual components, SANA distinguishes fail-
ures caused by planning, search, or data-analysis execution from
failures that remain in the agent policy. These residual policy fail-
ures include pursuing the wrong source, failing to validate interme-
diate evidence, submitting an incorrect final answer despite useful
evidence, or exhausting the budget without progress. They expose
concrete targets for future EQA agents, including stronger evidence
tracking, validation, final-answer checking, and stopping criteria.

To summarize, we make the following contributions:

(1) SANA, a diagnostic ablation framework that converts solved
EQA tasks into runtime profiles and uses them to construct
idealized planning, search, and data-analysis interfaces while
preserving the agent policy.

(2) A controlled evaluation on LakeQA [20] and a conversion
of KramaBench [7] that isolates the end-to-end contribution
of planning, search, and data-analysis execution under fixed
agents, prompts, budgets, data lakes, and runtimes.

(3) An empirical diagnosis of EQA bottlenecks: data-analysis
execution is a consistent limitation across both benchmarks;
search becomes a major limitation in LakeQA’s larger-scale
discovery setting; and residual agent-policy failures remain
even after component idealization.

2 RELATED WORK

Benchmarks for exploratory QA. QA benchmarks test multi-
hop reasoning over heterogeneous data types, including HotpotQA
[21], MuSiQue [18], OTT-QA [4], TAT-QA [26], and FeTaQA [12].
These benchmarks stress reasoning over documents, tables, or
mixed evidence, but typically operate over a fixed corpus or compact
evidence pool. Data-lake benchmarks move closer to exploratory
analysis: LakeQA [20] requires agents to search, inspect, compute,
and synthesize over large data lakes, while KramaBench [7] evalu-
ates data-to-insight pipelines over multiple structured and unstruc-
tured sources. Recent agentic data-discovery evaluations such as

DCI [10] and Metadata Reasoner [25] also study agents that inter-
act with a corpus or select task-relevant datasets, but they do not
isolate search, planning and execution as separate failure modes.
SANA builds on this benchmark direction, but uses these tasks to
diagnose which part of an EQA agent fails.

Component methods for data-lake QA. Prior work improves
individual components needed for EQA. Dataset discovery systems
such as D3L [3] and Starmie [6] retrieve joinable, unionable, or se-
mantically related tables, while Pneuma [2] and AutoDDG [24] use
LLM-generated descriptions to improve tabular retrieval. Text-to-
SQL and data-agent benchmarks such as BIRD [9] and Spider 2.0 8]
evaluate data analysis execution once the relevant database context
is known. Decomposition methods such as DecompRC [11] and
DIN-SQL [14] expose intermediate structure for multi-hop reason-
ing or SQL generation. SANA treats these as interacting bottlenecks
rather than isolated tasks: decomposition must be grounded and
guide the agent’s next discovery and analysis, discovery must feed
analysis, and analysis must feed later discovery.

Agentic RAG and navigation. Agentic RAG systems use an
LLM-controlled policy to decide when to retrieve, call tools, update
context, and stop [17], building on reasoning-and-acting methods
such as ReAct [22], IRCoT [19], and Self-RAG [1]. Recent systems
such as MA-RAG [13] and A-RAG [5] further explore multi-agent or
hierarchical retrieval architectures. These systems expose the same
navigation decisions that arise in EQA, but their evaluations often
conflate model policy, retrieval infrastructure, data profiling, tool
design, and execution errors. SANA provides a controlled evaluation
substrate by holding the task and runtime fixed while ablating
search, planning, and execution.

3 THE SANA ABLATION FRAMEWORK

SANA is an ablation framework for search, planning, and computation—
three major components in EQA. This section introduces the EQA
task, motivates these components, and presents SANA’s design.

3.1 Anatomy of an Exploratory QA Task

Here, we describe the structure of an EQA task and inter-dependencies
between data discovery, question decomposition, data analysis, and
tool implementation that are needed to successfully answer a task.
In short, data discovery must retrieve the necessary datasets, but if
it retrieves too many, then it makes question decomposition chal-
lenging. Similarly, if the data analysis tools are poorly implemented
or not sufficiently expressive, then the agent cannot extract the
necessary information from the datasets to determine answers or
next steps.

3.1.1 An EQA Task. In LakeQA [20], an EQA task is defined as
7=(0,D, Dyolds T, A*, B), where Q is a natural-language question,
D = {dy,...,dn} is a large data lake containing structured and
unstructured datasets, 7 is the set of tools available to an LLM
agent, A* is the gold answer to Q, Dy1q contains a minimal set of
datasets! sufficient to derive the gold answer, and the budget B is
the maximum number of tool calls permitted.

In practice, Dgold may not be unique, as it’s currently intractable to enumerate all
minimal sets. SANA inherits this Dgq from its underlying benchmarks (see Limitation

(iv)-



Generating an answer A for an EQA task requires decomposing
Q into a sequence of subquestions (Q1, Qz, . .., Qk), discovering
each subquestion’s gold dataset (déold, .. .,dé(old), and answering
(A, A, ..., Ak), such that each intermediate answer can be derived
from the current subquestion and gold dataset, and the previously
derived answers:

i
Qi; dgold’Al’ ..

Operationally, an agent must use the tools in 7~ to discover
candidate datasets, analyze them to assess their task-relevance,
extract information to compute intermediate answers, and derive
the final answer A—all within the tool call budget. We next describe
the classes of tools in 7~ and the main challenges posed by EQA.
Here, t denotes the " tool call made by the agent.

LA EA; i=1,...,K. (l)

3.1.2  Agent tools. The tool set 7~ supports two classes of oper-
ations: (i) dataset search f(g, k), over the data lake and (ii) data
analysis g(c, d) over a dataset d € D. The search tool f(q, k) cur-
rently is based on keyword search over dataset contents; it takes
as input keywords ¢, and returns the top-k documents from the
data lake. Analysis g(c, d) takes as input an executable program
(e.g., Python program, SQL query) c to evaluate over dataset d;, and
returns the corresponding execution I/O traces.

We use f; = f;(qs, k:) and gr = g:(ct, dy) as shorthand to denote
the specific tool and its arguments in the '™ tool call. We denote the
cumulative set of discovered datasets at turn ¢t as thsc. In practice,
an agent can analyze multiple datasets together, but the text refers
to a single dataset for legibility.

3.1.3  Planning. The agent must decompose the EQA question by

iteratively identifying the next subquestion to answer given the

previous evidence. Formally, given the current discovered datasets

D, . at tool call ¢, planning produces an ordered sequence of sub-
sC

questions and evidence choices

where ;i: may be unknown at the time é,- is first formulated and
must be discovered through subsequent search calls.

3.1.4 Search. The EQA tasks are designed such that the gold evi-
dence Dygg|q is necessary in order to correctly answer the subques-
tions and the task Q. Thus, the agent must, at a minimum, within a
budget of B tool calls, identify a superset Z)fisc 2 Dgolq- However,
high recall alone is not sufficient: Z)fisc could degenerate to the
entire data lake. Search precision is therefore also critical, because
irrelevant datasets increase the burden on downstream planning

and analysis.

3.1.5 Data analysis. Even if the agent retrieves the gold dataset
for the current subquestion, it still needs to analyze that dataset to
derive the intermediate answer. In short, the agent must correctly
implement the entailment in eq. (1) to derive Xi =g;(c;, ;1:) without
execution failure. If A; = A; then the agent has correctly answered
subquestion i.

3.1.6  Residual Failures. The three challenges above define the ma-
jor failure classes targeted by SANA’s ablations. However, they do
not exhaust all ways an EQA task can fail. For example, even if the

agent correctly derived the answers to the correct query decomposi-
tion, it may still hallucinate an incorrect final answer A% A*. They
may also waste the budget by completing irrelevant actions, skip-
ping necessary steps, or hallucinating. We discuss these residual
failures in Section 5.3.

3.2 SANA Ablation

SANA isolates the effect of the major components in EQA (sec-
tion 3.1) by ablating search, planning, and data analysis in isola-
tion or combination. Ablation replaces a component with an ideal-
ized version or other implementations. This section first motivates
intent-based ablation, then the task profile used to generate idealized
components, and finally the ablation method and implementation
for each.

3.2.1 Intent-based Ablation. Isolating the contribution of the sys-
tem components alone requires careful design. For instance, a naive
approach to ablate search is to simply give Dygolq to the agent. How-
ever, the agent should still be expected to formulate the appropriate
search query; we aim to control only the search tool’s quality.

SANA therefore extracts the semantic intention a; as natural
language behind each tool call. For search, SANA extracts a; as the
keyword g; for execution, SANA extracts a; as the analysis goal
that ¢ seeks to achieve on D.

3.2.2 Task Profiles. SANA constructs task profiles that contain
ground-truth information, and uses them to synthesize idealized
implementations of each ablated component (Figure 3). A profile is
defined by: (Source Sequence) the sequence of gold datasets Dy,1q
needed for each subquestion, (Sanitized Subquestions) the sequence
of subquestions Q that have been sanitized to not leak information
about the gold dataset, and (Execution Records) that specify the
dataset d, the query c, the correct intent for analysis over the dataset
a, and the answer A for the subquestions that require data analysis.

ExampLE 1. Figure 3 adapts a LakeQA task. In addition to explicitly
listing the order of the three gold datasets, it removes direct mentions
of dataset names in each subquestion to avoid leaking search targets.
For example, a mention of nypd_crimes is rewritten as “find crime
reports reported by NYPD.” Subquestion 1 simply retrieves The Bronx
dataset so it does not have an execution record, while the latter steps
do have analysis records. The first execution record states the dataset
is nypd-complaints, the correct analysis intent is to count the top-
offense complaints in 2023, the correct SQL, and the answer 18613.

In SANA, we adapted tasks from LakeQA and KramaBench. The
former contains all of the necessary information for the profile, and
we use an LLM to remove identifying signals from each subquestion;
then, we manually verified every profile to ensure each sanitized
subquestion hid dataset-identifying signals without leaking the gold
sources or evidence. The latter only has a question and a monolithic
solution script that executes on the task’s dataset, so we use an
LLM to decompose this solution script into LakeQA-like sequential,
dependent hops such that each hop’s code is execution-verified
against the intermediate answer and no subquestion spans more
than one source.



"Compute the 2023 ratio of top-offense complaints to
shootings in NYC's northernmost borough (rounded)."
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Figure 3: SANA annotates a task into source sequence, sani-
tized subquestions, and execution records.

3.2.3 Planning Ablation. The planning ablation isolates errors in
question decomposition by providing the correct sequence of ev-
idence needs while preserving the agent’s responsibility to for-
mulate search queries, conduct data analysis, and synthesize the
final answer. In the standard setting, stronger planners produce
sequenced subquestion—dataset pairs closer to the annotated se-
quence ((Ql,déold), ..., (0k, dgold)).

To generate the idealized component, we provide the agent with
Q and ask it to more explicitly state the goal, suggest the tool type
to use (e.g., search, query), fallback hints in case a tool call fails.
For instance, “count complaints for that borough’s top 2023 offense”
would be rewritten as “extract top-count records of the borough in
2023 in the NYC complaints dataset”

3.24 Search Ablation. The search ablation isolates the effect of
search precision: it removes irrelevant retrieval results while pre-
serving the agent’s responsibility for deciding what to search for,
when to search, and when sufficient evidence has been collected.
In the standard setting, the agent searches over the full data lake
D, so even when the search tool retrieves gold datasets, it may
also return irrelevant datasets that increase downstream planning
and analysis burden. To construct the ideal search setting, SANA
replaces the standard search tool with an oracle-like operator fidea!
whose search space is restricted to Dgolg. Thus, every returned
dataset is relevant to the task:

g k) C Dgoa Vg, k.

We implement idealized search by providing the set of gold
datasets, the search query, and the search intent to a subagent that
selects the datasets that match the search intent. Each dataset is
augmented with metadata: an LLM-generated description [2] and a
content preview. For a table, we use its schema and row samples;

for a document, we use a 100-word preview. In Figure 4, “NYC com-
plaints 2023” would return nypd-complaints, while “NYC farmers
market” returns dataset not found.

3.2.5 Data Analysis Ablation. The data analysis ablation isolates
implementation errors in executing the intended computation. In
the standard setting, given a subquestion—dataset pair (Q;,d;),
stronger agents are more likely to construct an analysis query
that correctly derives the annotated intermediate answer A;.
SANA replaces the standard analysis tool with gitdeal(c,, d;, az),
which contains an additional parameter: the agent’s intent. If a;
matches with the annotated entailment a; for each (Q;, déol ) pair,

SANA returns the verified intermediate answer: gideal(c,, d;) =
Aj;, otherwise, SANA infers the computational intent from a; and
ensures ¢; correctly implements it without execution failure.

We implement idealized data analysis (Figure 4) by first checking
if d; is the gold dataset. If the agent’s intent is the same as the
dataset’s analysis intent in the execution record (via a subagent),
we return the gold answer. If the intents don’t match or d; is not a
gold dataset, SANA uses a stronger model (gpt-5.4) to generate
code that matches the intent and returns the result. If the code
execution fails, the model repairs the code and tries again for at
most two iterations. In Figure 4, if an agent forms the right intent but
filters on the wrong value case (e.g., ’Bronx’ instead of ’BRONX’),
the standard tool returns @ while ideal returns 18613.
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sanitized
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i self-plan system prompt
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Tntent a: count 2023 Bronx Tpmmed ——— | crrmiom :
[ NvPD ints | intent [ code [ans| o _ Y

| NYPD shootings | intent | code | ans |

execute_ideal () Returns intent-based results irrespective of impl

Figure 4: SANA’s ideal ablation consumes one profile input
and is modularized as a runtime tool.

4 EVALUATION SETUP

This section describes the task suites, ablation conditions, execu-
tion conditions, and metrics used to evaluate SANA. We follow
the LakeQA evaluation setting with a budget of B = 30 tool calls
per run and a maximum runtime of 600 seconds; each run starts
from a natural-language question and ends when the agent either
calls the answer-submission tool or reaches the run budget. We



evaluate two model settings: gpt-5.4-nano as the weaker agent
and gpt-5-mini as the stronger agent.

4.1 Benchmarks and Tasks

We evaluate on two task suites. The first is the LakeQA tasks_mini
subset [20], containing 135 EQA tasks. The second is the converted
KramaBench [7]. To make KramaBench require data discovery, we
expose its dataset as a collection of sources [25]; to align with
the LakeQA evaluations with B = 30 tool calls, we remove the
Kramabench tasks with [Dgoq| > 20 since these tasks require
excessive data discovery relative to the run budget-this reduces
the task count from 104 to 83.

Table 1: Benchmark statistics for SANA evaluations. Sources
is the number of distinct gold sources across all tasks

Benchmark Tasks Sources Avg.|Dgoq| Lake Size |D]|
LakeQA 135 499 6.9 ~40 million
KramaBench-conv. 83 187 23 1764

4.2 Ablation Conditions

Targeted Ablations. Each SANA condition is a tuple of planning,
search, and data-analysis modes, as summarized in Table 2. The
targeted ablations vary one axis at a time while holding the other
axes idealized. For example, when ablating planning, search and
data analysis are kept idealized such that there are no conflicting
bottlenecks.

Table 2: SANA condition space. Each run selects one mode
from each axis.

Axis Mode Description

No planning tool; the agent answers directly from the

question and available tools.

STANDARD  Uses the planning tool, but with no sanitized subques-
tion sequence; the plan is entirely self-written.

IDEAL Receives the sanitized subquestion sequence and uses

the planning tool to store a plan derived from the rea-

soning chain.

Planning NAIVE

Search NAIVE BM25 sparse lexical search over the data lake.
STANDARD  Hybrid search with Reciprocal Rank Fusion (RRF), with
LLM-generated table descriptions following Pneuma [2]
and AutoDDG [24].
IDEAL Ideal search tool fideal(q, k) over Dyora-
PRELOADED D14 placed directly in agent context; no search tool.

Data analysis STANDARD  Writes and runs SQL or Python through the ordinary

execution tools.
ideal

IDEAL Ideal execution tool g;*“ (¢, dy, a; ) for data analysis.
End-to-end ablations. From table 2, we also define three end-to-
end conditions: (i) NAIVE denotes NAIVE Planning, NAIVE Search,
and STANDARD data analysis; (i) STANDARD denotes STANDARD plan-
ning, STANDARD search, and STANDARD data analysis; (iii) IDEAL
denotes IDEAL planning, IDEAL search, and IDEAL data analysis. This
comparison measures the improvement from the lower-bound base-
line (NAIVE) to a stronger non-ideal implementation (STANDARD),
as well as the remaining gap to the idealized upper bound (IDEAL).

4.3 Execution Conditions

We vary the conditions in section 4.2 while holding the execution
environment below fixed.

Execution environment. The agents are given tools for data
discovery and data analysis on DuckDB or Python in an isolated
sandbox on an AWS g6.2x1arge instance (8 vCPUs, 32 GiB RAM,
NVIDIA L4 GPU), where the agent policy is orchestrated with
Strands Agent-—an open-source model-driven agent SDK that runs
the reason-act-observe tool-use loop given a model, system prompt,
and tools. Each tool has a 150s timeout.

Baseline difference from LakeQA. All modes use a summarizing
conversation manager for context compaction as EQA tasks are
often long-winded and have large intermediate query results. We
also install a plugin that nudges the agent to reconsider its current
strategy when the agent has repeated similar operations over 7
turns. Lastly, search tool returns the sources augmented with meta-
data defined in Section 3.2.4. These additions make SANA baseline
stronger than the original LakeQA benchmark; thus, our results
should not be interpreted as a direct reproduction of LakeQA [20].

4.4 Metrics

Our primary task-success metric is semantic match (SM). We use
an LLM-as-a-judge to compare the submitted answer against the
gold answer, allowing equivalent answers that differ in formatting,
aliases, units, or phrasing.

To measure discovery behavior, let R be the unique sources
retrieved from the search tools f;, and A the unique sources actually
accessed by the agent through data-analysis tools g;. We report:

Dyet = |Dgold N R|/|Dgold|s Dace = |Dgold r]A|/|Dgold|,

the retrieval recall and access recall over the gold sources. We addi-
tionally track tool-call counts and failures in each run’s log.

5 RESULTS & DISCUSSION

This section reports SANA’s ablation and failure analyses on LakeQA,
then tests whether they hold on the converted KramaBench.

5.1 LakeQA Ablation

Table 3: LakeQA ablation matrix (135 tasks/cell).

Data Ret Tool  Acc Tool

Model Plan Search An. SM (%) Dacc (%) Dyer (%) Call Call
NAIVE IDEAL IDEAL 34.1 46.5 56.5 3.2 11.6
STANDARD  IDEAL IDEAL 311 47.0 57.6 4.1 13.2
apt-5.4- IDEAL Naive IpEAL 23.0 39.0 50.8 5.8 12.3
nano IDEAL STANDARD  IDEAL 26.7 43.4 55.4 4.7 13.2
IDEAL IDEAL STANDARD 289 44.0 56.9 3.8 13.6
IDEAL IDEAL IDEAL 37.0 47.1 58.1 4.1 12,5
IpEAL PRELOADED  IDEAL 51.8 59.2 - 0.0 17.1
NAIVE IDEAL IDEAL 66.7 55.1 59.0 5.8 13.1
STANDARD  IDEAL IDEAL 66.7 56.2 58.8 58 144
gpt-5- IDEAL NAIVE IDEAL 63.0 50.7 56.5 5.9 15.4
mini IDEAL STANDARD  IDEAL 61.5 52.4 58.0 58 15.9
IDEAL IDEAL STANDARD 57.8 53.8 58.7 5.7 12.9
IDEAL IDEAL IDEAL 76.3 56.5 60.2 5.9 14.1
IpEAL PRELOADED  IDEAL 77.0 61.7 - 0.0 16.8

5.1.1 Ablation Delta. Figure 5 reports LakeQA ablation semantic-
match deltas; all three components improve performance, but by
different amounts. Ideal search improves over BM25 by +14.1%
(gpt-5.4-nano) and +13.3% (gpt-5-mini), and Preloaded Sources is
the strongest single intervention (+28.9%, +14.1%); the intermediate
BM25-Pneuma step is mixed (+3.7%, -1.5%), so non-ideal search
gains remain unreliable. Ideal data analysis also yields large gains
(+8.2%, +18.5%). Planning deltas are smallest (+3.0%, +9.6%), suggest-
ing reasoning chains scale with model capability; Standard planning
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Figure 5: LakeQA ablation semantic-match delta.

gives almost no gain, as self-written plans can add unnecessary
steps without preventing drift or wrong-source navigation. We
analyze each component in sections 5.2.1 to 5.2.3.

Table 4: LakeQA end-to-end mode comparison (n = 135).

Ret Tool  Acc Tool

Model Mode SM (%) Dyet (%) Dacc (%) Call Call
gpt-5.4- NAIVE 20.7 45.4 30.7 5.0 11.0
nano STANDARD 19.3(—1.5) 53.2(+7.8) 39.5(+8.8) 5.2 14.1

IDEAL 37.0(+16.3) 58.1(+12.7) 47.1(+16.4) 4.1 125
_=_  Nawve 56.3 53.8 455 7.2 12.1
gpt-5

mini STANDARD 57.8 (+1.5) 56.9 (+3.1) 48.5(+3.0) 6.0 13.2

IDEAL 76.3(+20.0)  60.2(+6.4) 56.5(+11.0) 5.9 14.1

5.1.2  End-to-End Mode Comparison. Table 4 compares the three
end-to-end modes: Naive, Standard, and Ideal. Standard provides
almost no gain over Naive, giving gpt-5-mini +1.5% and giving
gpt-5.4-nano -1.5% even when D,.; and Dy, are both improved.
In contrast, Ideal substantially improves both models, raising gpt-
5.4-nano from 20.7% to 37.0% SM and gpt-5-mini from 56.3% to
76.3% SM. This gap shows that stronger non-ideal components do
not necessarily remove EQA bottlenecks even when more data is
accessed and retrieved.

5.2 LakeQA Ablation Analysis

5.2.1 Planning Ablation. Planning Idealization produces smaller
gains than search or data-analysis Idealization on LakeQA. To un-
derstand why, we separate two questions: whether the agent can
write a reasonable plan, and whether it actually follows that plan
during the trajectory.

Plan Similarity. We first compare the plans produced under Stan-
dard and Ideal planning. A gpt-5.4-mini judge labels a Standard
plan as similar to the Ideal plan when it preserves the same main
subquestions, source path, dependency order, and core computation.
By this measure, Standard plans are often close to the Ideal scaffold:
81.5% of gpt-5.4-nano plans and 77.8% of gpt-5-mini plans are
marked similar to their corresponding Ideal plans. This suggests
that agents can already create plans covering the right subquestions
and intents.

Plan Trajectory. To check whether the agent actually follows
their plan, we audit each trajectory against the sanitized subques-
tion sequence. A gpt-5.4-mini judge analyzes each run’s agent
tool-call trajectory, labelling a trajectory as FOLLowED when the
agent completes the intended ordered subproblems and MosTLY

ForLLowED when the trajectory preserves the main structure but
skips or detours around a minor step.

Table 5: LakeQA plan trajectory audit over targeted plan
ablations.

Agent Plan Followed Followed+Mostly

Naive 21.2% 49.6%

gpt-5-mini Standard 12.6% 46.4% (—3.2)
Ideal 25.9% 56.5% (+6.9)

Naive 5.7% 19.0%

gpt-5.4-nano Standard 8.4% 24.0% (+4.9)
Ideal 7.9% 28.1% (+9.1)

The trajectory audit clarifies why ideal planning has limited
impact. gpt-5.4-nano is especially poor at following plans: only
19.0% of trajectories are at least MosTLY FOLLOWED at baseline, and
ideal only raises it to 28.1%. gpt-5-mini follows plans more often,
but the gain from ideal planning is still modest (49.6% to 56.5%).
Thus, simply providing the correct decomposition does not mean
agents follow that decomposition reliably. These results suggest
that agents are more bottlenecked by their ability to follow plans
than their ability to decompose questions.

5.2.2  Search Ablation. Figure 5 separates two search-related bot-
tlenecks: retrieval quality and search navigation. Ideal search im-
proves over BM25 for both models, showing that retrieving the
right sources from a large data lake is a major bottleneck. How-
ever, Preloaded Sources improves over Ideal Search substantially on
gpt-5.4-nano while barely affecting gpt-5-mini. This suggests that
weaker agents also struggle at search navigation: formulating the
right search queries, deciding when to search, and continuing using
the right sources once they are available. In contrast, the stronger
model gains little improvement from removing search entirely.

Search ablation therefore exposes two separate needs: better
retrieval infrastructure and better agent policies for query formula-
tion, source commitment, and evidence collection.

5.2.3 Data Analysis Ablation. Ideal data analysis helps gpt-5-mini
more than gpt-5.4-nano on LakeQA (Figure 5). This suggests that
gpt-5-mini often reaches the right source context and computation
intent, but fails to implement the operation correctly in SQL or
Python. The smaller gain for gpt-5.4-nano does not mean that
execution is less important for weaker models: rather, many gpt-5.4-
nano failures occur before data analysis implementation becomes a
bottleneck: choosing the wrong source, scope, or analysis intent.



Table 6: Failure families in LakeQA traces. Entries are event
shares; Meaning lists (gpt-5-mini, gpt-5.4-nano) subgroups.

Group gpt-5-mini  gpt-5.4-nano Meaning

Task/planning failures 7.4% 11.3% Reasoning chain divergence (5.4%, 8.7%); ques-

tion constraint misread (1.9%, 2.6%).

Wrong source target 0.0% 7.6% Chose the wrong dataset, table, source family,
failures or source version.
Execution/computation 39.6% 26.2% Computation intent failures: wrong

failures scope/filter  (30.9%, 20.1%); computa-
tion/aggregation error (4.9%, 2.8%); extrac-
tion/parsing error (3.9%, 3.2%).
Incomplete evidence 12.2% 12.3% Ran out of budget before gathering enough
failures evidence (10.3%, 5.0%); submitted early with
incomplete evidence (1.9%, 7.3%).
Repeated actions without progress: query exe-
cution/repair loop (0.8%, 5.5%); schema inspec-
tion loop (0.2%, 1.8%); low-yield search loop
(0.6%, 1.4%); same-hop repetition even after
gathering enough evidence (0.6%, 0.2%).
Correct evidence or computed value appeared,
but the submitted answer was wrong.
Files, tools, repair calls, unsupported formats,
or runtime limits blocked progress.

Turn-waste failures 2.1% 8.8%

Finalization failures ~ 21.0% 13.2%

Tool blocker failures  17.7% 20.6%

Since ideal execution preserves the agent’s stated intent, it fixes
implementation errors but not wrong requests. Thus, data analysis
ablation mainly separates code-generation failures from upstream
source-selection and intent errors.

5.3 LakeQA Failure Analysis

In this section, we audit failed traces and categorize where every
evaluation run with an incorrect semantic outcome fails.

Audit Method. Each failed run is reviewed using a two-stage audit
with gpt-5.4-mini. First, the auditor reads the task, the SANA
profile, evaluation results, and log trace, then extracts a compact
evidence trace of all failures and the turns at which they occur.
Then, a separate labeler assigns one or more failure events from
the taxonomy in Table 6 using only that evidence trace, such that a
single failed run may contribute multiple failures such as answer
finalization and planning failures. Since co-occurring symptoms
are recorded together regardless of root cause (e.g., misreading
question constraint and then filtering the wrong rows returns both
constraint misread and wrong scope/filter labels), we treat these
LLM-assisted labels as diagnostic rather than ground truth.
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Figure 6: Answer-failure groups across LakeQA ablations.
Bold numbers are total events and n the failed runs per bar.

Figure 6 and Table 6 explain why the two models respond differ-
ently to the same conditions. Gpt-5.4-nano produced 1018 failure
events over 586 failed runs and gpt-5-mini 515 over 297, about 1.74
events per failed run for both models. Table 6 gives the event distri-
bution within each model and Figure 6 the condition-level counts.
The distributions differ: gpt-5.4-nano’s failures spread across all

groups, while gpt-5-mini’s concentrate in execution/computation
(57.2% of its failed runs) and finalization (35.7%).

The clearest gap is source scoping: gpt-5-mini has 0% wrong-
source failure labels whereas gpt-5.4-nano receives 12.8%. This
matches fig. 5, where gpt-5.4-nano benefits more from Ideal Search
and Preloaded Sources as they prevent wrong-source branches.
Gpt-5.4-nano’s other disproportionate failures—turn-waste (8.8%
gpt-5.4-nano vs. 2.1% gpt-5-mini), reasoning-chain divergence (8.7%
vs. 5.4%), and early submission with incomplete evidence (7.3% vs.
1.9%)—are trajectory failures, agreeing with Subsection 5.2.1 where
gpt-5.4-nano is worse at staying on its plan.

Idealizing search (BM25 to Ideal in Figure 6) reduces gpt-5.4-
nano’s wrong-source (23 to 0), turn-waste (19 to 12), and divergence
(18 to 11) events, partly because failed runs themselves drop (101 to
77). For gpt-5-mini these are already near zero and idealized search
mainly trims incomplete-evidence errors, suggesting the stronger
model already selects sources and operations well while the weaker
one still struggles.

Planning is more selective, helping mainly the smaller model read
question constraints and finalize answers. Finalization, computation
intent, and turn budget remain failure modes for both, even under
Ideal and Preloaded where source access is solved. Overall the
two models fail differently: gpt-5-mini usually reaches the right
evidence but mis-executes or mis-finalizes, while gpt-5.4-nano’s
failures spread across source targeting, plan divergence, turn-waste,
and premature stopping, reflecting weaker trajectory control. The
ablation gains thus reflect differences in action policies, not only
component quality.

5.4 KramaBench Ablation
Table 7: KramaBench ablation matrix (83 tasks/cell).

Data Ret Tool  Acc Tool

Model Plan Search An. SM (%) Dgcc (%) Dyer (%) Call Call
NAIVE IDEAL IDEAL 75.9 81.7 89.9 1.7 3.2
STANDARD  IDEAL IpEAL 85.5 89.3 91.0 14 3.7
apt-5.4- IDEAL Nave IpEAL 85.5 50.1 78.9 29 4.0
nano IDEAL STANDARD  IDEAL 90.4 43.5 77.1 21 4.0
IDEAL IDEAL STANDARD 63.9 92,9 93.9 13 29
IDEAL IDEAL IDEAL 87.9 92.3 95.8 1.6 35
IpEAL PRELOADED  IDEAL 91.6 98.4 - 0.0 3.7
NAIVE IDEAL IDEAL 86.8 93.9 95.8 1.4 4.6
STANDARD  IDEAL IpEAL 89.2 93.7 94.3 14 4.6
gpt-5- IDEAL NAIVE IDEAL 843 51.6 82.0 2.7 4.2
mini IDEAL STANDARD  IDEAL 90.4 50.8 78.9 2.0 4.1
IDEAL IDEAL STANDARD 75.9 96.7 96.7 15 34
IpEAL IDEAL IDEAL 90.4 97.0 97.6 12 4.1
IDEAL PRELOADED  IDEAL 92.8 99.0 - 0.0 4.6

5.4.1 Ablation Delta. Figure 7 shows a different profile from LakeQA.
Data analysis is the largest KramaBench intervention, improving
gpt-5.4-nano by +24.1% and gpt-5-mini by +14.5%, indicating that
KramaBench is analysis-heavy. Search is less limiting: Ideal search
improves over BM25 by +2.4% for gpt-5.4-nano and +6.0% for gpt-
5-mini, while Preloaded Sources adds +6.0% and +8.4%. This likely
reflects the benchmark construction: retrieval is artificially intro-
duced by converting KramaBench into a LakeQA-style task, while
the underlying tasks remain centered on data-to-insight execu-
tion. Planning helps gpt-5.4-nano more than gpt-5-mini, suggesting
that weaker models benefit more from explicit decomposition on
KramaBench.

5.4.2  End-to-End Mode Comparison. Table 8 shows that Standard
improves over Naive on KramaBench, especially for gpt-5.4-nano
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Figure 7: KramaBench ablation semantic-match delta.

Table 8: KramaBench end-to-end mode comparison (n = 83).

Ret Tool  Acc Tool

Model Mode SM (%) Dyer (%) Dacc (%) Call Call
o5 4. Nawve 44.6 64.2 318 3.2 3.3
EZno : StANDARD  57.8(+13.3) 70.6(+6.4)  44.6(+12.8) 2.4 3.6
IDEAL 87.9(+43.4) 95.8(+31.6) 92.3(+60.4) 1.6 3.5
e NAIVE 62.6 64.7 36.0 3.8 3.6

gpt-5 . . B

mini STANDARD 66.3(+3.6) 68.5(+3.9) 34.8(—1.2) 3.2 3.8
IDEAL 90.4(+27.7) 97.6(+32.9) 97.0(+61.1) 1.2 4.1

(+13.3%). Ideal produces the largest gains, reaching 87.9% SM for
nano and 90.4% SM for gpt-5-mini. Under Ideal, retrieval recall
reaches 95.8%-97.6% and access recall reaches 92.3%-97.0%, so the
remaining errors are unlikely to come mainly from missing sources.

6 CONCLUSION AND LIMITATIONS

Conclusion. SANA asks a diagnostic question: when an EQA agent
fails over a data lake, which part of the runtime is responsible? By
varying only the planning, search, and data-analysis interfaces
across LakeQA and the converted KramaBench, we find that no
single component explains EQA failure. Data analysis is a consis-
tent bottleneck on both benchmarks; search dominates on LakeQA,
where agents must navigate a large lake, but is less dominant on
KramaBench, whose data-to-insight tasks with fewer sources shift
the burden to analysis; and planning is the weakest intervention,
as agents produce plans close to the gold decomposition but do not
reliably follow them. SANA thus does not rank a component as
universally hardest, but exposes how bottlenecks shift with bench-
mark structure. Even after idealizing every component, however,
failures persist—residual agent-policy failures that these ablations
cannot remove.

The LakeQA failure audit dissects this residual gap: smaller
agents fail broadly across source choice, progress control, incom-
plete evidence, tool blockers, and finalization. Stronger agents are
better at staying within the right source context, but still fail during
computation and final-answer synthesis.

These results suggest future EQA systems need more than better
retrievers or code generation; they need a stronger action policy
that acts on the current trajectory. A source-commitment mecha-
nism should lock the validated working set and require justifica-
tion to switch, since weaker agents branch to wrong sources. A
plan-adherence mechanism should gate each tool call on an active
subgoal and replan when successive calls fail to advance it, since

agents plan well but drift during execution. An intent check should
validate a computation’s scope, filters, and units against the ques-
tion before execution, since idealization corrects implementation
but not wrong requests. A submit-time verifier should re-derive the
answer from logged evidence and block submission on mismatch or
uncovered subquestions. Because bottlenecks shift with the model
and task, these mechanisms should target the diagnosed weakness
rather than serve as a generalizable fix.

Limitations.

(i). Diagnostic idealization. SANA’s ideal tools consume ground
truth, so they are optimistic upper bounds unattainable in practice.
The measured gaps thus overestimate attainable gains and, since
each ablation holds the other axes ideal, are isolated contributions,
not marginal effects when components are jointly non-ideal. The
ranking may shift with practical implementations.

(ii). Lack of alternative valid sources. Each task has a single
annotated Dg,lq, so alternatives are neither surfaced by ideal search
nor shortcut by ideal computation (which falls back to repaired
code execution). This underrepresents Dret, Dacc, and the measured
impact of the data-analysis ablation. Enumerating alternatives is a
benchmark-generation effort beyond SANA’s scope.

(iii). Judge-based measurements. Semantic-match, plan-trajectory,
and failure-audit labels rely on LLM judges. These make evaluation
practical and credit semantically equivalent answers, but can intro-
duce false positives or false negatives.

(iv). Task-suite scope. We evaluate only LakeQA and a LakeQA-
converted KramaBench, so our findings are evidence about these
data-lake settings, not a universal ranking of search, planning, and
data-analysis difficulty across agent benchmarks.
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