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Abstract

As agentic LLM-based technologies mature, there is tremendous promise
in using them to design and execute complex data engineering tasks, com-
piling and integrating specialized datasets on behalf of users. These tasks
span from high-level planning with large reasoning models and query op-
timization, to lower-level runtime components for information extraction
and semantic reasoning. Recent frontier systems show strong potential
on such tasks but they remain prone to hallucinations, omissions, and
underspecified decisions that are difficult to inspect or correct. We argue
that agentic data engineering needs a provenance-guided harness: a con-
trol layer around planning and execution that makes outputs attributable,
inspectable, and steerable through feedback. We present Data Canvas, a
provenance-guided harness for agentic data engineering that wraps LLM-
driven execution with structured semantic operators, explicit intermediate
tables, and a provenance graph over operator events and results. This
harness supports sparse human or automated feedback by tracing errors
to their responsible reasoning steps, propagating corrections to related
outputs, and replaying only the affected portions of the workflow. Using
standard deep research benchmarks, we show that Data Canvas improves
answer quality over existing systems, and that provenance-guided feed-
back yields substantial gains at a small fraction of the cost of prompt
re-engineering and re-planning.

1 Introduction

Agentic LLM-based technologies promise to bring about a new wave of agentic data engineer-
ing tools (e.g., Madden et al. (2024); Anderson et al. (2024); Shankar et al. (2024)), analogous
to agentic coding tools, but oriented around data synthesis tasks such as extracting struc-
tured data from unstructured sources, mapping heterogeneous data to a structured schema
(e.g., Arora et al. (2023)), and cleaning and linking data. Such tasks, which have traditionally
been addressed through extract-transform-load (ETL) tools or crowdworkers (e.g., Wallace
et al. (2017); Franklin et al. (2011)), can now be tackled autonomously and at runtime.

1



Published as a conference paper at COLM 2026

Example 1

Suppose we want to help potential computer science graduate students identify poten-
tial PhD advisors. As a first step, we need to build a dataset of all computer science
faculty who can advise students, across all R1 universities in North America, along
with their research areas. For this task, a deep research system may work, but at the
same time may: (1) provide incomplete answers, (2) hallucinate some answers, and (3)
resolve ambiguity (e.g., the inclusion criteria for emeritus faculty) in unspecified ways,
without consulting the user.

Compared to deep research systems (e.g., OpenAI (2025)), agentic data engineering ap-
proaches generally develop a more regularized, plan-based strategy for assembling and
interpreting answers over large collections of sources — starting with high-level plan-
ning using techniques from large reasoning models, semantic query optimization (Guo
et al., 2025; Russo et al., 2025), and decomposition into table creation operators for “wide
search” (Wong et al., 2025; Chen et al., 2026; Lan et al., 2026); then executing the plan using
lower-level primitives for information extraction (Shankar et al., 2024; Anderson et al., 2024),
map-reduce (Chen et al., 2026), and semantic reasoning about collections of results (Pa-
tel et al., 2024; Trummer, 2025). Importantly, expectations for soundness, completeness,
and correctness are high — ultimately meaning that there is an unmet need for users to
be able to understand, assess, and repair model mistakes. We argue that meeting this
need requires a harness for agentic data engineering: a control layer around planning and
execution that explains and attributes answers, accepts user feedback on output quality,
and adapts reasoning traces dynamically. Inspired by the database provenance and view
maintenance literature, we develop such solutions that combine user feedback on answers
with information on how those answers were derived to efficiently repair errors.

• We propose Data Canvas, a provenance-guided harness that produces regular, structured
LLM-driven plans with semantic operators to solve data engineering tasks.

• We develop strategies for tracking data provenance in a graph form, and for querying the
derivation of results across various plan steps, back to their sources.

• We propose a method to incorporate sparse feedback and align model outputs by propa-
gating credit or “blame” across the provenance graph to specific reasoning steps.

• Using standard deep research benchmarks, we show that our approach improves answer
quality at a fraction of the inference cost of prompt re-engineering and full re-execution.

2 Prior Work
Large reasoning models, trained through reinforcement learning over human feed-
back (Ouyang et al., 2022; Ramesh et al., 2024), have led to sophisticated “deep search” mul-
tistep reasoning systems (Guo et al., 2025; Yao et al., 2023) that execute complex information-
gathering tasks. These agents can be quite sophisticated, but their search strategies limit
exploration, resulting in incomplete answer sets. In contrast, “wide search” (Wong et al.,
2025) targets answer-assembly tasks with simpler, more regular plans but greater breadth
and answer coverage: given a query and a target schema, an agent must exhaustively
populate a results table from live web sources. DeepWideSearch (Lan et al., 2025) further
combines breadth with multi-hop depth. Recent refinements of these ideas include TaS (Lan
et al., 2026), which frames the task as table completion, WideSeek (Huang et al., 2026) and
WideSeek-R1 (Xu et al., 2026), which train multi-agent policies via reinforcement learning,
and A-MapReduce (Chen et al., 2026), which parallelizes query allocation with experiential
memory. SODIUM (Hu et al., 2026) especially targets depth within a domain like a specific
website: an agent constructs a result table by systematically navigating and extracting
structured records, exploiting structural regularities across pages. MoNaCo (Wolfson et al.,
2026) targets natural, complex questions that require reasoning across dozens of documents.

Data Canvas operates in the WideSearch setting — open-web, multi-source, schema-driven
extraction. We create plans from semantic operators (Patel et al., 2024; Liu et al., 2025; An-
derson et al., 2024; Russo et al., 2025; Trummer, 2025). Our work leverages formalisms
for connecting operators to provenance. In the general case, an agentic plan resembles a
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(a) WideSearch Agent
(Wong et al., 2025)

Main Agent
(decompose / aggregate)

Search

Browse

Sub-Agent (×k, parallel)

Output Table
(schema from query prompt)

No shared state
Results aggregated in-context
No provenance

(b) Table-as-Search
(Lan et al., 2026)

Main Agent (orchestrator)
plan, create table, dispatch, verify

Tabular Search Agent (parallel)

Tab #2Tab #1 · · · N

search→ browse→ add records

find candidate rows (batch insert)

Deep Search Agent (per empty cell)

Deep #2Deep #1 · · · M

search→ browse→ update records

fill empty cells (one row per agent)

Shared Table (MongoDB)
all agents read/write same table

Schema-driven; shared table
Parallel row discovery
Redundant per-cell search
No provenance

(c) A-MapReduce

(Chen et al., 2026)†

Manager Agent
(sequential pre-scan, enumerate

entities)

Task Matrix + Prompt Template
entity × attribute→ sub-tasks

decompose→ batch

Search Agents (batch parallel)

Batch 1 Batch 2 · · · K

flat search agents (non-recursive)

Reduce + Validate + Patch
merge results; delta-patch if

incomplete

Experiential Memory
cross-task patterns, accumulates

over runs

Parallel batch agents
External task management
Flat agents (no recursion)
No provenance

(d) Data Canvas (Ours) ⋆

DECOMPOSE
schema, keys, filters

Plan–Execute loop

PLANNER EXECUTE

state summary
(rows, cols, coverage, gaps)

Operators
SEARCH, BROWSE, EXTRACT,
FILTER, MERGE, JOIN, SORT

MAP→ parallel sub-executors
each runs own plan–execute loop

REDUCE (union + merge)

Intemediate Tables
+ Provenance Graph G

operator DAG + row mappings

Schema-driven; iterative planning
Recursive sub-executors
Cell-level provenance
Feedback-driven repair

†A-MapReduce is not directly evaluated; its experiential memory accumulates from prior tasks (all other evaluated systems are zero-shot).

Figure 1: Comparison of four broad information seeking paradigms. (a) WideSearch (Wong
et al., 2025) is a multi-agent system. Results are aggregated in LLM context. (b) Table-
as-Search (Lan et al., 2026) coordinates Tabular Search Agents and Deep Search Agents over
a shared table. (c) A-MapReduce (Chen et al., 2026) enumerates entities in one shot and
dispatches flat search agents in batch; an experiential memory accumulates across tasks.
(d) Data Canvas (ours) decomposes the query, then runs a plan–execute loop. MAP launches
recursive sub-executors, each with its own planning loop. A provenance graph G records
operator DAGs and intermediate tables, enabling feedback-driven repair. None of (a–c)
track provenance or support targeted error repair.

workflow pipeline, which can be captured in the PROV (Belhajjame et al., 2013) standard.
The database literature developed a query-semantics-preserving treatment of provenance,
where queries are limited to relational operators such as filters (selections), unions, and
joins. “Why provenance” (Buneman et al., 2001) and provenance semirings (Green et al.,
2007b) capture both alternate derivations of an answer and derivation of a single answer from a
combination of inputs, and use this to support incremental updates (Green et al., 2007a). Our
work adapts data provenance to the agentic setting, and uses it to trace incorrect outputs
back to specific reasoning steps and sources, and performs incremental view maintenance (Lu
et al., 1995) to propagate corrections. This is more targeted than global reinforcement learn-
ing, and more cost-effective than re-computation based on prompt updates (Khattab et al.,
2024).

Recent research shows that adopting AI-assisted tools can positively motivate the contri-
butions of paid crowdworkers (Wallace et al., 2025) to collect or improve the quality of
tabular datasets (Papoutsaki et al., 2015; Wallace et al., 2021). Data Canvas’s provenance and
feedback mechanisms can facilitate more collaborative interactions between crowdworkers
and agentic data engineering pipelines.

3 Data Canvas

Data Canvas adopts a ReAct-based reasoning approach (Yao et al., 2023): Given a prompt,
our system iteratively decomposes it into action sequences using a receding-horizon plan–
execute loop. In our setting, each action is assembled from a small library of semantic
operators (Table 1). Each semantic operator has access to the tabular results produced
by previously executed semantic operators, and the operator produces its own tabular
result. These intermediate relations are maintained as named artifacts in the plan state and
materialized outside the LLM context as persisted table snapshots. Unlike prior semantic
operators (Patel et al., 2024; Liu et al., 2025; Russo et al., 2025; Shankar et al., 2024; Dorbani
et al., 2025), each of our operators records provenance information: any output can be
algorithmically tied to operations and sets of inputs.
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Task: Find CS postgraduate programmes at UCL, find each program’s required credits and fee 

(a) Planner-Executor Loop

DECOMPOSE(q) -> columns: [Program, Credits, Fee]; key=Program; filter={postgrad}

Iteration 1

Iteration 2

PLANNER: “0 
rows, 0/3 cols”

PLANNER: “Fee 
column missing”

SEARCH BROWSE Extract
uni.edu/programs

FILTER

Program        Credits
––––––––––––––––––
MSc AI            180
MSc CS            180
MSc Data Sci  180
…

SEARCH BROWSE

Search “UCL postgrad program”

BROWSE 
“uni.edu/programs”

Extract
uni.edu/fees

Program        Fees
––––––––––––––––––
MSc AI           £70k
MSc CS           £80k
…

Iteration 3 PLANNER: “Two 
Tables exists with 
shared column”

JOIN
on Program

Program      Credits    Fees
––––––––––––––––––––––––
MSc AI         180       £70k
MSc CS         180         £80k
…

(b) Provenance graph

Extract
uni.edu/programs

Extract
uni.edu/fees

r1: BSc CS, 120 r2: MSc AI, 180 r3: MSc CS, 180

FILTER: postgrad only

r1 dropped

r2

r4: MSc AI, £70k r5: MSc CS, £80k

r3 JOIN
on Program

r6: MSc AI, 180, £70k

r7: MSc CS, 180, £80k

(c) Repair via provenance

User: “180cr→ 60+60+60”

error in r6[credits]

Diagnose

trace r6[credits]
→ Join → r2 → Filter

→ r2 → Extract(.../programs)

Propagate

group by provenance
→ {r2 , r3}: sibling cells
(same source + prompt)

Correct

re-EXTRACT with hint:
“per-module credits,

not total”

Replay

re-run FILTER →
JOIN on patched rows
⇒ 2 cells fixed

cheap & fast

(d) Repair without provenance

User: “180cr→ 60+60+60”

error in r6[credits]

Append hint to query

q′ ← q+ “credits
should be per-module”

SEARCH BROWSE EXTRACT FILTER JOIN New table

still wrong? re-run again. . .

expensive & slow

no guarantee
same error is fixed

Figure 2: Provenance graph and repair. (a) The Planner-Executor loop builds a result table
through operators and intermediate tables. (b) Provenance graph records how rows are
derived from sources and operators. (c) Provenance enables targeted repair: a corrected cell
can be traced, propagated, and replayed to fix related errors. (d) Without provenance, the
only option is to append the correction to the query and re-run the entire pipeline.

Example 2

Figure 2(a) shows how Data Canvas decomposes an agentic data engineering task
(”Find CS postgraduate programmes at UCL; find each program’s required credits and
fee”) into a series of semantic operators. In Iteration 1, tasks involve searching for pages,
browsing to extract their text, and extraction of program credits. Iteration 2 defines a
similar operator pipeline for fees. Iteration 3 joins the prior results together. Provenance
is recorded during execution, resulting in the graph of Figure 2(b).

3.1 Iterative Planning and Execution in Data Canvas

Our main plan-execute loop is detailed in Algorithm 1. Given a query, the system first
determines a target schema (columns, key columns, and filters). We reformulate the prompt
with that target schema in mind, and alternate between planning and execution. The planner
reasons over any existing relational intermediate state (artifact schemas, row counts, samples
of the entities, and per-column coverage from prior steps). It operates in a plan–execute–
observe loop: at each iteration, it inspects the current tables (if any), selects one operator
and its arguments, observes the result, and repeats. This enables targeted decisions: missing
columns trigger MAP sub-agents for per-entity enrichment; shared key columns trigger a
JOIN; diminishing returns trigger termination. After the planner completes, the executor
dispatches the chosen operator, records provenance, and appends the result to the step
history. The loop terminates when the planner proposes to stop with no coverage gaps
remaining, or upon stagnation—consecutive iterations with no new rows or filled cells.

3.2 Provenance in Data Canvas

We represent provenance as a directed acyclic graph G = (V, A) of data nodes interleaved with
event nodes, connected by provenance arcs (see Figure 2a for a concrete example). Data nodes
di appear in lime color in the figure. These nodes’ raw data is not actually stored in the
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Table 1: Semantic operators in Data Canvas.
SEARCH(q)→ U issues a web search query q; returns URLs with titles and snippets.
BROWSE(u)→ d fetches the content of URL u and returns the page text.
EXTRACT(D, S)→ R given a set of documents D and a target schema S, calls an LLM to

extract structured rows.
FILTER(σ, R)→ R′ applies a predicate σ to R, retaining matching rows. Predicates can

be rule-based expressions or LLM-evaluated semantic conditions.
PROJECT(R, Π)→ R′ returns only the columns from R matching the set in Π.
MERGE(R, K)→ R′ deduplicates R on key columns K, using an LLM to resolve con-

flicts.
JOIN(R1, R2, K)→ R′ joins relations on shared key columns K, with optional LLM-based

fuzzy matching.
UNION, SORT standard relational operators.
MAP( f , R)→ R′ launches parallel sub-executors, per rows or columns, each running

its own planning loop to enrich a subset of R.

Algorithm 1 DATACANVAS(q): Plan-Execute Loop
Require: Natural language query q
Ensure: Output relation R∗

1: ⟨cols, K, σ⟩ ← DECOMPOSE(q) // schema, keys, filters
2: A ← ∅ // intermediate tables
3: H ← [ ] // step history
4: G ← new ProvenanceGraph // DAG
5: for i = 1, . . . , Tmax do
6: s← STATESUMMARY(A, H, q)
7: ⟨op, args, stop?⟩ ← PLAN(s) // LLM planner
8: if stop? and NOGAPS(A, cols) then
9: break

10: end if
11: if op = MAP then
12: Partition A into {P1, . . . , Pn} by row or column
13: {Rj,Gj} ← DATACANVAS(Pj) in parallel // recursive
14: R← REDUCE(R1, . . . , Rn) // union the results
15: G.MERGESUBGRAPHS(G1, . . . ,Gn)
16: else if op ∈ {SEARCH, BROWSE, EXTRACT, . . .} then
17: R← EXECUTE(op, args,A)
18: G.RECORDEVENT(op, R)
19: end if
20: A[args.out]← R; append step result to H
21: end for
22: R∗ ← ENRICH(BEST(A),G) // fill remaining gaps
23: return R∗,G

graph itself. Instead, each data node has a row ID that references the on-disk snapshot of
data items in the output relation of an operator.

Each event node ej in V corresponds to a single operator invocation; an arc from di → ej
indicates that data row di was consumed as input by ej. The operator may emit data nodes
do; each output do is connected via an arc ej → do. Certain operators annotate their event
node with an input-to-output row mapping that links each input row ID to the output row IDs
it produced (see the details below). Each event node e ∈ V stores:

• An operator type (one of EXTRACT, FILTER, MERGE, JOIN, UNION).
• A row mapping µe : rin 7→ [r1

out, . . . , rk
out] linking each input row ID to the output row IDs

derived from it. For selection-like operators, dropped rows map to ⊥; for leaf events
(EXTRACT), the input side is empty.
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• An output reference: the CSV file containing the output relation, keyed by row ID.
• Operator-specific metadata: for EXTRACT, the source URL; for FILTER, per-row accept/reject

decisions; for MERGE, group membership and per-column conflict resolution details.

Row IDs for output data nodes are UIDs assigned at creation by EXTRACT. In fact, most
operators preserve row IDs, with the exception of operators that combine input rows
(MERGE, JOIN). The graph is constructed incrementally: each operator invocation adds an
event node, arcs from its input events, and writes the output relation to a new CSV file
(creating corresponding data nodes). Browsed web pages are retained in a browser cache
keyed by URL to ensure reproducibility during repair.

Creating the Provenance Graph at Runtime. As query execution progresses, each operator
updates the provenance graph. For example, SEARCH returns lists of sources, which can
be consumed by BROWSE, emitting text strings, each of which is deterministically tied to a
source (by construction). EXTRACT maps these strings to lists of tuples. For simplicity, we
compact the browse-extract pair into a single event node for each source in Figure 2(a). For
each subsequent operator, we typically create an event node:

• For tuple-to-tuple operators like FILTER, we create output data nodes for retained tuples
and record a forward row mapping from each input row to its corresponding output row.
If an input tuple is removed, we map it to ⊥. This lets us represent selections uniformly
while still identifying which rows were dropped.

• For operators that combine multiple input tuples (MERGE, JOIN), we create an output data
node linked to the event node and record a forward row mapping from every contributing
input row ID to the corresponding output row ID. Thus, multiple input rows may map to
the same output row, naturally capturing many-to-one derivations such as deduplication
and joins.

We omit event nodes for operators that do not directly affect a tuple’s presence in the answer
set, such as SORT, MAP, and PROJECT.

Querying the Provenance Graph. The provenance graph documents execution for users
and supports repairs based on user feedback on output results. To achieve this, the event-
node DAG supports two key query patterns over forward provenance links.

Trace queries reconstruct the derivation path for a row or cell by walking the graph backward
from event node to event node, while consulting the inverse of the forward row mapping
at each step to recover the relevant predecessor row IDs. For example, tracing r6[credits]
in Figure 2(a): r6 appears in the output of JOIN; inverting that event’s row mapping for r6
yields the contributing inputs r2 and r4. Since the credits column originates from the r2 side,
we follow r2 backward to FILTER, where inversion yields its predecessor row, and then to
EXTRACT1 (leaf), identifying the source URL uni.edu/programs.

Impact queries determine which rows are affected by a faulty event node. Given e∗ identified
by a trace, we use its forward row mapping to enumerate the output rows in the image of
the implicated input rows; in the coarsest case, this is simply the full output relation of e∗.
These are the sibling rows that were produced by the same operator invocation on the same
source content, and are therefore likely to contain the same error.

3.3 Strategies for Provenance-Based Propagation of Feedback

Errors in LLM-based execution are systematic: the same source page, processed with the
same prompt, produces the same class of mistake for every row with matching provenance.
Our repair algorithm (Figure 2c) exploits this in three steps.

Diagnose. The provenance trace pinpoints which event node caused the error. We walk the
graph backward from the error cell to the leaf BROWSE–EXTRACT, collecting the intermediate
value at each event node. An LLM receives this trace, with the predicted value, gold value,
and cached source page, and identifies the responsible node: e.g., a MERGE that resolved a
conflict incorrectly, a FILTER that dropped a valid row, or a source that is irrelevant to the
target population. The LLM produces a correction hint targeting the operator.

6



Published as a conference paper at COLM 2026

Propagate. One diagnosis identifies all rows sharing the same bug. The faulty event
node’s forward row mapping enumerates its sibling rows—the outputs of the same operator
invocation, or of the implicated inputs within that invocation—which likely exhibit the
same systematic error.

Correct and Replay. The repair patches the faulty node and cascades the fix forward.
For cell-level errors, we re-run the operator with the correction hint on the sibling rows
loaded from the referenced CSV. For source-level exclusion, we remove the event node’s
output rows entirely. Regardless, we traverse the graph forward, re-executing downstream
event nodes in topological order. For missing entities, the system runs a targeted search–
browse–extract pipeline. Section 4 shows reductions in cost of up to 35× vs re-execution.

4 Experiments

We evaluate Data Canvas on two benchmarks, comparing against state-of-the-art agentic
and deep research systems. Our experiments address three questions: (1) Does struc-
tured planning with provenance tracking improve table extraction quality over existing
approaches? (2) Can sparse feedback repair, guided by lineage, improve quality at low cost?
(3) How do cost, latency, and quality trade off across systems?

4.1 Experimental setup

We evaluate on two benchmarks. First, we use the English subset of the WideSearch
benchmark (Wong et al., 2025), which contains diverse information-seeking queries that
require extracting structured tables from the open web. Tasks span domains including
education, technology, sports, travel, law, business, health, and science. Each query specifies
a target schema (columns and expected rows), and gold-standard tables are provided for
evaluation. Table sizes range from 11 to 533 rows and 3 to 14 columns. Second, we evaluate
on the Drafty CS Professors dataset (Wallace et al., 2017) 1, a curated table of all computer
science faculty. This task requires discovering faculty members from departmental web
pages and extracting structured attributes (name, title, research area, etc.), providing a
focused single-institution benchmark for entity-complete extraction.

Metrics. Following the WideSearch evaluation protocol, we report metrics at three gran-
ularities. Row-level recall, precision, and F1 measure whether complete rows are correctly
retrieved, requiring all cells in a row to match the gold standard. Item-level recall, precision,
and F1 evaluate individual cell correctness across matched entity pairs. Entity F1 measures
whether the system retrieves the correct set of entities (rows), independent of attribute accu-
racy. Cell accuracy reports the fraction of individual cells that exactly match the gold values
after normalization. All matching uses the WideSearch evaluation suite, which applies
type-specific preprocessing (numeric extraction, date normalization, string canonicalization)
and supports both exact match and llm judge.

Baselines. We compare against four systems:

• WideSearch (Wong et al., 2025): The reference system from the benchmark authors. We
use the multi-agent framework with GPT-5 as the backbone model. This is the best-
performing system on the benchmark.

• DeepResearch (OpenAI, 2025): OpenAI’s Deep Research, a deep research-style system
that generates comprehensive answers but returns them in unstructured form, requiring
post-hoc table extraction.

• TaS (Lan et al., 2026): Table-as-Search, a strong agentic baseline that reformulates infor-
mation seeking as a table completion task, combining web search with iterative table
construction. We re-ran their code using GPT-5 as the base model.

• TaS (mini): A cost-reduced variant of TaS using GPT-5-mini as the backbone model,
trading quality for lower inference cost.

1https://drafty.cs.brown.edu/csprofessors
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Method Row-level Item-level Overall Latency Cost
R P F1 R P F1 Ent. F1 Cell Acc. (s) ($)

WideSearch 18.4 34.5 21.8 36.5 66.9 43.4 52.6 73.3 830.49 1.51
DeepResearch 10.7 14.7 11.7 18.1 26.3 20.2 23.3 29.2 268 0.83
TaS 22.7 35.7 25.6 44.2 66.3 49.6 60.4 73.5 3940 18.27
TaS(mini) 13.3 30.5 17.1 29.4 63.4 37.3 49.3 68.8 1835 1.93

Ours 24.5 32.8 26.6 49.0 66.7 52.8 63.2 74.0 2276 1.88
Ours+Repair 27.1 34.2 28.9 53.5 67.0 55.9 66.6 74.2 +234.64 +0.053

Table 2: Full evaluation on the WideSearch benchmark. All accuracy metrics are reported as
percentages. Repair improves both precision and recall.

Configuration. Data Canvas uses GPT-5 as the backbone LLM for planning and GPT-5-mini
for extraction. Web search is performed via Google Search API, and interactive browsing
uses Playwright. The planner operates with a receding horizon per iteration, replanning after
each execution based on observed state. For repair experiments, we simulate sparse user
feedback by sampling 1% of errors from the gold-standard table as corrections. Experiments
were conducted on a machine with 32 CPU cores, without using the GPU.

4.2 Main results

Table 2 presents the full evaluation on the WideSearch benchmark, comparing Data Canvas
against four baselines across row-level, item-level, and entity-level metrics, as well as
latency and cost. Focusing on Data Canvas (without repair) versus the strongest baseline
WideSearch, we observe that row recall improves from 18.4% to 24.5% and item recall from
36.5% to 49.0%, yielding a 4.8-point gain in row F1 (26.6 vs. 21.8) and a 9.4-point gain in
item F1 (52.8 vs. 43.4) at comparable cost ($1.88 vs. $1.51). TaS achieves better row precision,
but recall is low and at 9.7× the cost ($18.27) and 1.7× the latency (3940s vs. 2276s), while
DeepResearch scores only 11.7 row F1, confirming that unstructured research-style systems
struggle with schema-conformant table extraction. Recursive planning with operators improves
both entity discovery and attribute completeness over existing approaches.

Drafty CS Professors. Table 3 reports results on the Drafty CMU CS Professors task (Wallace
et al., 2017), which requires discovering and extracting 7 attributes for all 240 computer
science faculty members. We do not report TaS with GPT-5 on this task due to its prohibitive
cost.2 Data Canvas achieves 75.1%entity F1 and 59.1% item F1, nearly tripling the entity F1
of both WideSearch (24.4) and TaS (mini) (24.5). DeepResearch attains 73.8% cell accuracy
despite 27.4% entity recall; it returns few rows but gets them right. Our cost ($133.68) of
is higher than on WideSearch because the task requires per-entity enrichment: attributes
like join year and doctoral institution are not on the department listing page and must be
retrieved by browsing each professor’s individual profile ( 300 sub-tasks). This per-entity
browsing cost is inherent to the task structure; the baselines that avoid it (DeepResearch,
WideSearch) achieve much lower entity recall as a result. Data Canvas discovers nearly 3×
more entities than baseline systems, with cost scaling proportionally to the number of entities
requiring individual page visits.

4.3 Repair with sparse feedback

To evaluate the repair module, we simulate a human-in-the-loop setting. Given the system’s
output table, a user inspects a sparse sample of cells and provides corrections for those that
are wrong. In our experiments, we sample 1% of cell-level errors (identified by comparing
against the gold table) as the feedback signal. The repair module then executes four steps:
(1) diagnose each sampled error by tracing its provenance to the responsible operator and

2On the WideSearch benchmark, TaS with GPT-5 costs $18.27 per query for tables averaging only
20 rows. The 240-row Drafty task requires substantially more calls, making the cost impractical.
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Method Row-level Item-level Overall Latency Cost
R P F1 R P F1 Ent. F1 Cell Acc. (s) ($)

WideSearch 0.1 0.4 0.2 7.4 29.4 11.9 24.4 38.5 1823 4.75
DeepResearch 4.9 13.1 7.0 21.1 50.2 29.1 37.4 73.8 769 2.77
TaS (mini) 0.4 3.2 0.7 8.1 37.6 11.9 24.5 48.2 1588 2.33

Ours 24.0 21.5 22.7 62.7 55.9 59.1 74.4 75.1 5914 133.68
Ours+Repair 24.4 25.5 25.0 63.0 65.9 64.4 81.0 75.2 +5.2 +0.32

Table 3: Results on the Drafty CMU CS Professors task (240 gold rows, 7 columns). All
accuracy metrics are reported as percentages. The repair here is excluding faculty only from
computational biology. Data Canvas trace to the shared source and remove the FPs in one
shot, substantially improving precision at very low cost.

using an LLM to classify the root cause, (2) propagate by querying the lineage graph for all
other cells sharing the same provenance path, (3) correct the faulty operator across all cells
in the provenance group, and (4) replay the recorded pipeline from the corrected operator
onward, re-running downstream operators with the patched intermediate results to produce
the repaired table. The diagnosis step classifies each error into a root cause, leading to a
repair strategy. We highlight three common categories:

• Extraction ambiguity: the source contains the correct information, but the extractor selects
the wrong interpretation. This arises when the user’s query underspecifies how a column
should be populated, while the gold table encodes a specific convention. For example,
a query asks for “Credits” of university programs; the gold table expects per-module
breakdowns (e.g., “60+60”), but the extractor returns the total (“120”). With one user-
corrected cell, diagnosis identifies the mismatch and produces a hint (“extract individual
credits and join with +”), which propagates to all rows extracted using the same prompt.

• Filter recovery: a filter operator incorrectly removes valid rows. When a missing entity
is found among the filter’s dropped rows, this means the filter was too aggressive. The
repair module restores the matched row directly, then uses the restored example as
evidence to evaluate all other dropped rows from the same filter, recovering additional
valid entities that were also incorrectly removed.

• Merge conflict: deduplication incorrectly resolves conflicting values. The repair re-resolves
the conflict using the user correction as a tie-breaker, and propagates by re-evaluating
other merge decisions within the same deduplication group.

Observations confirm that many errors in LLM-based operators are systematic. By repairing
along a provenance path, a single feedback action can correct tens of results.

Results. Table 2 (bottom two rows) shows the effect of repair on the WideSearch benchmark.
Repair improves row F1 from 26.6 to 28.9 (+2.3), item F1 from 52.8 to 55.9 (+3.1), and entity F1
from 63.2 to 66.6 (+3.4), while adding only 234.64 seconds and $0.053 per query on average.
Without provenance tracking, the only means of incorporating user feedback is to append
corrections to the original query and re-run the entire pipeline from scratch, costing $1.88
per query and 2276 seconds—35× more expensive and 9.7× slower than lineage-guided
repair, with no guarantee that the re-run resolves the errors. Sparse feedback repair guided by
provenance achieves meaningful quality gains at 35x lower cost than re-execution.

5 Discussion

Source discovery as the primary limitation. The most prevalent genuine failure mode is
that web search does not surface the right sources, even when they exist. If the right pages
are reached, the operator pipeline works well: cell accuracy on matched rows consistently
falls between 80% and 99% across tasks. The bottleneck is upstream of the operators,
bounded by search engine indexing and ranking. Improving source discovery (through
query reformulation, source prioritization, or user-guided source selection) is a promising

9
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direction for future work. A portion of the remaining score gap reflects temporal drift: web
pages update continuously while benchmark gold tables are frozen.

Provenance for interpretability and intent. Both source discovery failures and incorrect
extractions typically share a common trait: the user’s intent is underspecified, and the
system makes choices that may not match expectations. With provenance, the user can
inspect where a value came from, judge whether the source or interpretation is acceptable,
and issue a correction that propagates to all cells sharing the same provenance path.

Why not log-based repair? An alternative to provenance-guided repair is to provide the
full execution log to an LLM and ask it to diagnose errors. Unfortunately, logs can span
thousands of lines, making this approach costly. Worse, the LLM must infer which rows
share the same error, a question that the provenance graph answers deterministically.

6 Conclusion and Future Work

This work presented Data Canvas, an agentic data engineering system with human-guided
repairs. Data Canvas can accurately extract large, tabular (relational) datasets from the open
web in a cost-effective way, reducing costs by an order of magnitude over the current state
of the art with improved accuracy. In future work, we plan to expand our data model to
handle non-hierarchical joins, consider enhancements to data provenance, and investigate
human-in-the-loop agentic data engineering systems.
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A Planner Prompt

The full planner system prompt is shown below. The planner is invoked once per iteration
with a state summary (current artifacts, step history, per-column coverage) and must output
a single JSON object selecting the next operator(s).
You are a reactive planner for web-to-table data collection tasks.
You are called ONCE PER ITERATION. Output exactly ONE step (or multiple
independent MAPs). You will be called again after the step completes --
do NOT plan ahead or emit multiple dependent steps.

=== DECISION PROCEDURE ===

Inspect state_summary (artifacts, step_history, missing_columns) and
select the best next action:

0. Partition hints exist, no artifacts yet (first iteration)?
-> Emit MULTIPLE independent MAPs, one per partition (strategy=batch).

1. Need to discover entities?
-> Emit ONE PIPELINE to find them from a single source.

2. Entities exist but need detail from individual pages?
-> Emit MAP(per_entity). Each entity gets its own sub-executor.

3. Entities need detail from shared pages (e.g. ranking tables)?
-> Emit MAP(batch). One sub-executor extracts for all entities.

4. Multiple independent sub-tasks targeting different sources?
-> Emit MULTIPLE MAPs in one iteration (all must be independent).

5. MAP results pending?
-> Same columns: emit ONE REDUCE.
-> Different columns: emit all REDUCEs + chained JOINs in one step.

6. Two artifacts with different columns need combining? -> JOIN.
7. Duplicates within an artifact? -> MERGE.
8. Uncombined relations exist? -> JOIN or UNION them before stopping.
9. Final table needs ordering? -> SORT.
10. All columns filled, nothing uncombined? -> propose_stop: true.

=== OPERATIONS ===

PIPELINE: One data-acquisition cycle (SEARCH -> BROWSE -> EXTRACT ->
FILTER -> MERGE). Makes one set of search queries, browses results,
and extracts structured rows. Works when a single query covers all
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target data; does NOT work when each entity needs its own lookup.
args: { hint: str, columns: [str], filters: [str] }

MAP: Launch parallel sub-executors, each running its own planning loop.
args: {
sub_query: str, // self-contained query for sub-tasks
columns: [str], // columns each sub-task should produce
strategy: per_entity | batch,
entities_ref: str, // artifact with target entities
entity_key: [str], // key columns to partition by
sub_task_mode: // null (default) | enrich_entity

// | expand_entity
}
per_entity: each entity gets its own sub-executor (for dedicated pages).
batch: one sub-executor handles all entities (for shared pages).

REDUCE: Collect MAP results. args: { task_refs: [str] }
JOIN: Combine tables on shared keys.

args: { left_ref, right_ref, on_cols }
MERGE: Deduplicate. args: { rel_ref, key_cols }
UNION: Stack tables. args: { rel_refs: [str] }
SORT: Order rows. args: { rel_ref, keys }

=== RULES ===

1. Multiple data-only ops (REDUCE, JOIN, MERGE, UNION, SORT) may be
emitted in one iteration. Only ONE PIPELINE per iteration.

2. Check artifacts first -- do not re-fetch existing data.
3. Check step_history lineage before repeating a PIPELINE goal.
4. Retry with different queries before escalating to MAP.
5. If a source is unbrowsable (files, APIs), pivot to HTML alternatives.
6. Use MAP only when it launches multiple sub-tasks.
7. Ensure entity exhaustiveness before starting enrichment.
8. Do not stop while uncombined_relations is non-empty.
9. Stop if browsed pages lack target data -- do not retry endlessly.
10. Accept partial results after a genuine enrichment attempt;

do not re-launch MAPs for the same gaps without progress.

=== OUTPUT SCHEMA ===

{ task_id: str, chunk_id: str,
steps: [{ id, op, out, args }],
propose_stop: bool, reason: str, final_table: str }
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