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Abstract

Aggregation query over free text is a long-
standing yet underexplored problem. It re-
quires exhaustive evidence collection, where
systems must “find all” satisfying entities rather
than merely “find one” plausible answer. Ex-
isting paradigms are not designed for this com-
pleteness requirement, leading to incomplete
retrieval and systematic undercounting. This
limitation stems from the lack of suitable bench-
marks. In this work, we formalize corpus-
bounded entity-level aggregation querying over
text, where answers must be grounded in the
given text corpus. We introduce AGGBENCH,
an aggregation benchmark constructed from fi-
nance reports and research papers through a
corpus-grounded pipeline with LLM-assisted
human validation. AGGBENCH contains 498
aggregation queries, including both single-
and multi-constraint queries with evidence-
supported gold answers. Experiments on rep-
resentative basic RAG, structured and schema-
first and agentic methods show that existing
systems struggle to preserve evidence coverage
and accurately count satisfying entities, high-
lighting the need for completeness-oriented
methods for aggregation over unstructured text.
The data and code are available in https:
//github.com/luck-seu/AGGBench.

1 Introduction

Aggregation queries emerge in many real-world an-
alytical tasks that require systematic inspection of
large unstructured text collections, such as count-
ing how many entities in a corpus satisfy natural-
language constraints. They are common in do-
mains including research (Tsafnat et al., 2014; Mar-
shall and Wallace, 2019), finance (Xie et al., 2024),
law (Niklaus et al., 2024), and investigative anal-
ysis (Spangher et al., 2025). Unlike standard QA,
which can often be solved by finding one plausible
answer, aggregation over text requires complete en-
tity coverage. Figure 1 shows a financial example:

Standard Query Aggregation Query
(find one) (find all)

Which company operates t How many companies have ]

TPU-based data centers? Al-focused data centers?

Answer: Google operates Answer: 4 (Microsoft, Google,
TPU-based data centers Amazon, Meta)
... Google's Council Bluffs data
center for TPU workloads...

Unstructured Text Corpus [

... Meta's Hyperion Al data center ...Microsoft expands Fairwater Al
supports Al workloads... data center for model training...

... AWS builds a New Carlisle data ... Google runs TPU at its Council
center for generative Al... Bluffs Al data center...

Figure 1: Examples of Aggregation Query and Standard Query
over Unstructured Data.

How many companies have Al-focused data cen-
ters? Here, the target entities are company, and the
phrase have Al-focused data centers specifies a con-
straint that must be verified from textual evidence.
Answering the query therefore requires all qual-
ifying data centers to be found, grounded, dedu-
plicated, and counted. While such operations are
straightforward over clean structured tables, most
real-world data remains unstructured text (Harbert,
2021; Deng et al., 2025), making aggregation over
text a practical but underexplored problem.

Some existing solutions are applicable to this
problem, but they do not fully address this set-
ting. (1) Structure and schema-first transformation.
Since querying has been extensively studied over
structured data, a natural solution is to first convert
a text corpus into relational or graph databases and
then apply Text-to-SQL or symbolic querying meth-
ods (Yu et al., 2018; Zhong et al., 2017). However,
this requires costly preprocessing, and the resulting
repositories are often incomplete or noisy (Katti
et al., 2021; Siino et al., 2024). Recent semantic-
operator systems relax purely structured operations
with LLM-powered semantic processing (Liu et al.,
2025; Patel et al., 2025; Shankar et al., 2025). How-
ever, aggregation in these systems still depends
on prepared schemas or user-specified pipelines.
(2) Retrieval-augmented reasoning. RAG frame-
works (Lewis et al., 2020; Asai et al., 2024) and
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agentic frameworks (Yao et al., 2023; Lee et al.,
2024; Wu et al., 2024; Roucher et al., 2025; Liet al.,
2025) enable LLMs to reason directly over the re-
trieved passages. But these methods were designed
for normal QA, where the goal is to retrieve some
highly relevant evidence, not to obtain complete
coverage. Moreover, relevant mentions may exceed
the fixed top-k retrieval window (Karpukhin et al.,
2020), and retrieval omissions can directly lead to
undercounting.

The lack of effective methods for aggregation
querying is further rooted in a corresponding gap in
evaluation. Existing QA benchmarks focus on fac-
toid or open-domain retrieval tasks, where datasets
such as HotpotQA (Yang et al., 2018) and Wiki-
MultiHopQA (Ho et al., 2020) contain fewer than
5% of aggregation questions. Numerical reasoning
datasets (e.g., DROP (Dua et al., 2019)) mainly test
number extraction or comparison rather than com-
plete entity-set identification. Recent benchmarks
such as WideSearch (Wong et al., 2025) move
closer to large-scale information collection, but
target open-domain web search rather than corpus-
bounded aggregation over a fixed text collection.
Therefore, it is urgently required to construct bench-
marks that cover aggregation querying scenarios as
well as their evaluation.

Constructing such a benchmark is challenging
because aggregation queries require complete en-
tity sets with evidence-level grounding. Annotators
must identify all satisfying entities within realisti-
cally sized text corpora and verify each one with
supporting evidence, which makes exhaustive man-
ual annotation highly expensive.

To fill this gap, we introduce AGGBENCH,
a benchmark for corpus-bounded aggregation
queries over unstructured text. We first formal-
ize aggregation querying as an entity-level task
in which a system must identify all entities of a
target type that satisfy the query constraints and
ground them in textual evidence. From finance
and research corpora, we extract recurring entity
types and candidate constraints and verbalize them
into queries. Then we obtain gold entity sets and
supporting evidence through LLM-assisted human
annotation. We evaluate 15 representative methods,
including basic rag, structured and schema-first and
agentic methods. The results reveal that existing
systems often fail to preserve evidence coverage
and therefore lose evidence coverage and under-
count satisfying entities, highlighting the need for
completeness-oriented evaluation and methods.

Contributions:

* We introduce aggregation querying over unstruc-
tured text as a corpus-bounded entity aggrega-
tion task requiring complete, evidence-grounded
identification of entities satisfying compositional
natural-language constraints.

* We design a corpus-grounded benchmark con-
struction pipeline and build AGGBENCH, a
completeness-oriented benchmark with 498 ag-
gregation queries, whose gold answers are anno-
tated through LL.M-assisted human annotation.

* We systematically evaluate representative meth-
ods on AGGBENCH across multiple LLM back-
bones and paradigms, showing that current sys-
tems often lose evidence coverage and under-
count satisfying entities.

2 Related Work

We review benchmarks related to aggregation
queries. Most QA benchmarks do not explicitly
account for aggregation queries or completeness-
oriented evaluation. Multi-hop QA datasets such as
HotpotQA (Yang et al., 2018), ComplexWebQues-
tions (Talmor and Berant, 2018), MuSiQue (Trivedi
et al., 2022), QASC (Khot et al., 2020), and 2Wiki-
MultiHopQA (Ho et al., 2020) mainly require a
small set of supporting passages, while aggregation
questions are rare. Numerical reasoning datasets
such as DROP (Dua et al., 2019) focus on arith-
metic rather than exhaustive entity retrieval. Com-
pared with existing QA benchmarks, which pri-
marily evaluate the correctness of one or a few an-
swers using metrics such as EM or F1, AGGBench
evaluates corpus-level aggregation completeness
through entity recall, chunk recall, and counting
error. Although AGGBench contains 498 queries,
each query requires exhaustive corpus-level entity
discovery and evidence verification followed by
multi-annotator validation, making its annotation
cost fundamentally different from standard single-
answer QA benchmarks.

Recent benchmarks have begun to study
list-based or aggregation-style question answer-
ing (Ghosh et al., 2022; Katti et al., 2021; Lee et al.,
2023; Zhang et al., 2025b; Dumitru et al., 2025).
While they require multiple answer items or ag-
gregate information across conversational logs and
temporal records, they are often built in settings
where metadata, structured relations, or subject-
centric timelines can support the aggregation pro-
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cess. Broad information-seeking benchmarks eval-
uate large-scale collection over Web or dynamic
corpora (Yang et al., 2024; Wong et al., 2025; Lan
et al., 2025), but focus on open-ended search rather
than controlled, corpus-bounded aggregation with
verifiable entity-level evidence. Our benchmark in-
stead enables completeness-oriented evaluation and
fine-grained diagnosis under large retrieval spaces.

Structured database benchmarks also cover
aggregation through SQL or graph query lan-
guages (Zhong et al., 2017; Yu et al., 2018; Lee
et al., 2021; Li et al., 2023; Lei et al., 2025), but
assume structured schemas and records. Our bench-
mark instead studies completeness-oriented aggre-
gation over free text.

3 Problem Statement

We target entity-level aggregation queries over text.
Given a query q and a text corpus C, the goal is to
identify all entities satisfying the query constraints
and perform an aggregation operation over the re-
sulting entity set. Common aggregation operations
include COUNT, SUM, and AVERAGE. In this
work, we focus on COUNT aggregation, which
asks for the number of satisfying entities.
Formally, an aggregation query is represented as

q= (T7¢7F)7 (1)

where T denotes the target entity type, & =
{¢1, 02, ..., Pm} denotes a set of constraints, and
I" denotes the aggregation operator. Throughout
this work, we assume I' = COUNT and write the
query as ¢ = (T, ®@).

Entity type. T specifies the category of entities
to be retrieved. Each query ¢ is assumed to focus
on a single entity type.

Constraint. Each query specifies a set of con-
straints ® that constrain the target entity set. We
treat each constraint ¢ as a boolean predicate over
a single entity of type 7', which evaluates to true
if and only if there exists explicit textual evidence
in the corpus that supports the entity satisfying
the constraint. These constraints are composed
using logical conjunction (AND) and disjunction
(OR). More complex logical expressions can be
equivalently represented through compositions of
these operators (e.g., conjunctive or disjunctive nor-
mal form) (Huth and Ryan, 2004). Throughout
this work, we assume a corpus-bounded setting,
in which the corpus C serves as the sole source of

evidence for evaluating all constraints in q. The
model is therefore prohibited from introducing
external knowledge, in contrast to open-domain
QA (Karpukhin et al., 2020; Wong et al., 2025).

Let £(C) denote the set of all entities mentioned
in corpus C. The aggregation result of query ¢ =
(T, ®,T") over corpus C is defined as

Ans(q,C) =T ({e €€(C) | type(e) =T

A ®(e) = true}), @

where ®(e) denotes the evaluation of the com-
posed constraint expression on entity e. In this
work, we focus on COUNT aggregation, where
I'(-) = | - |. In Appendix A.1, we formalize exist-
ing methods and analyze why their design leads to
incompleteness on aggregation queries.

4 Benchmark: AGGBench

Figure 2 gives an overview of the AGGBench con-
struction pipeline. (1) We collect documents from
domain-focused sources and preprocess them into
a shared chunked text corpus. (2) We construct
single-constraint queries by extracting and filtering
corpus-derived entity types and constraints, then
verbalizing each valid entity type—constraint pair
into an aggregation query. (3) Human annotators
read the corpus to identify all satisfying entities for
each single-constraint query and record their sup-
porting evidence spans. Overlapping annotations
are used to measure reliability and resolve disagree-
ments. (4) We construct multi-constraint queries by
composing single-constraint queries with logical
operators, and derive their gold answers from the
corresponding answer sets. All prompts used for
LLM and instructions for human annotation are
provided in Appendix A.6 and A.8.

4.1 Source Corpus and Domain Selection

We collect a domain-focused document corpus
D = {di,dy,...,dn}. Highly heterogeneous cor-
pora are unsuitable for aggregation-query construc-
tion, because entity types and textual attributes are
often scattered across unrelated topics, where many
queries degenerate into single-instance “find-one”
cases rather than aggregation problems. We there-
fore use domain-focused documents, where recur-
ring entity types provide enough repeated instances
for constructing and annotating corpus-bounded
aggregation queries.

In AGGBench, D covers two domains: financial
and research. For finance, we select 15 large-cap
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(2) Query Construction (3) Annotation of Gold Answers

(1) Source Corpus
Selection

Entity Type Extraction LLM-based Evidence Human Validation
Grounding
Research Financial Corpus C Entity Type Mentions Normalize & Entity N |::>
Papers Reports P Model - 145 deduplicate types T @ +
N @ Algorithm - 122 |$ - " _— = .
Metric  |m 35 Filter by Entity Verify supported
@ LLm $ Document | mm 74 A Mention count & sets 4 entities
extraction Dataset - 0 Human review {Er}rer Disagreement <2 = C.orr_1plete t_hg
- —@ missing entities
8 ( Constraint Extraction ]
e N
. . Evidence structure for one query
N plain-text Entities $ @ LLM extract $ v Normalize & $ V Filter Constralnts
conversion in&; constraints deduplicate ” Entity 1 —
@ Type: model | [ for classification [ for classification [ for classification C o) a
000 Fixedusi GNN 4 learns representations $ learns $ learns repi © w Entity2 _
ooo I:e ;IZE NN ﬁ captures local patterns (_captures local patterns captul
goog Chunking For classification ) or classificati Not clear iy A ntity 3 _
< ( Query Verbalization ] Answer: 4
y4 Chunk 37
@ Cgunkgd (f:orpust Entity type + Constralnt $ LLM @ Human $ Query
(domain-focused) T Verbalization - review Qsingle L Aa )
(4) Construction of Multi-Constraint Queries Final AGGBench
Queries
Query | N | @i = (T,{¢1}) label: Ay, B aly = (T, {1 A ¢;)) label: Aq, N A, B/ Fier )| Muttconsiraint COPYS 4 Quinge +, 500
Qsingle q; = (T.{$ ;}) label: Ag; qi; = (T.{¢: v ¢;}) label:Aq, U Ag; 2 Query Qmuei Qmutti W

Figure 2: Overview of the AGGBench construction pipeline.

technology companies and retrieve their 2025 Form
10-K filings from SEC EDGAR (U.S. Securities
and Exchange Commission, 2026), with an average
chunk-text length of approximately 393,358 char-
acters per document. For research, we manually
collect 44 papers published between 2019 and 2025
in venues such as ACL and NeurIPS, with an av-
erage chunk-text length of approximately 101,812
characters per document.

Each document is converted into plain text, with
non-textual content such as figures and tables re-
moved. We split documents into chunks with a
maximum length of 1000 characters and an overlap
of 200 characters, producing the chunked corpus
C={¢ }j]\/il, where each chunk c; is linked to its
source document d;. All methods are evaluated on
the same C to ensure fairness.

4.2 Partial Query Generation

The goal of query construction is to obtain single-
constraint aggregation queries from the chunked
corpus C. Each query is grounded in an entity type
T, which defines the aggregation unit, and a con-
straint ¢, which specifies the condition that target
entities must satisfy. We denote the constructed
query set as

{(¢.T,9)}, 3)

where ¢ is the natural-language aggregation query.
We construct Qi g1 through entity type extraction,
constraint extraction, and query verbalization.

Entity type extraction. For each chunk c;, we
prompt an LLM to extract entity mentions and their

Qsingle =

predicted entity types. Each mention is represented
asm = (n,T,d;, c;), where n is the entity name,
T is the predicted type, and d;, c; are the source
document and chunk identifiers. We normalize and
deduplicate mentions by deterministic rules such as
lowercasing and whitespace normalization, merg-
ing mentions with the same normalized name and
type. This yields canonical entity sets E7 grouped
by entity type, while preserving links to original
mentions and chunks.

We then filter entity types that are too few or

ill-defined for aggregation query construction. For
each entity type 7', we compute the number of
entities |E7| and its coverage over chunks and doc-
uments. We discard entity types with fewer than
5 canonical entities or coverage in fewer than 2
documents/chunks, since such types often lead to
trivial “find-one” queries. Human annotators fur-
ther remove entity types that are overly generic,
ambiguous in boundary, or unsuitable as aggrega-
tion units. The remaining entity types form the
retained type set 7.
Constraint extraction. For each retained type
T € T, we collect the chunks linked to its canoni-
cal entities and prompt the LLM to extract attribute-
value phrases that can serve as constraints. Each
extracted constraint mention is represented as r =
(e,T,,d;,cj), where e is the associated entity and
¢ is the candidate constraint. We normalize and
deduplicate constraints under each entity type fol-
lowing the same protocol as query construction.
We preserve their links to entities and evidence
chunks, and obtain a candidate constraint set ®-.

23594



We further filter constraints that are unsuitable
for query construction. We discard constraints that
appear fewer than 2 times, since they often pro-
duce trivial answer sets. Conversely, constraints
that apply to almost all entities of the same type
are removed because they do not define discrimi-
native aggregation targets. Human annotators then
remove constraints that are entity-specific or not
directly supported by the source text. After filter-
ing, each retained entity type T is paired with a
validated constraint set ®.

As shown in Figure 2, for the entity type 7' =
model, entities such as GNN and CNN yield
attribute-value phrases from their evidence chunks,
such as “learns representations”. The normaliza-
tion step merges equivalent values across entities,
and the filtering step removes unclear values such
as “captures local patterns”, retaining discrimina-
tive constraints for query construction.

Query verbalization. The validated entity type—
constraint pairs are collected as

P={(T,¢)|TeT, ¢} &

For each pair (7', ¢), we prompt the LLM to verbal-
ize it into a natural-language aggregation query
q, using in-context examples and requiring the
generated query to preserve the original 7" and
¢. For example, T' = dataset and ¢ = “used
for multi-hop question answering” can be verbal-
ized as “How many datasets are used for multi-
hop question answering?” Human validators re-
move generated queries that are ambiguous, un-
natural, or not directly verifiable from the cor-
pus. This yields the single-constraint query set

Qsingle = {q = (T7 {¢})}

4.3 Gold Standard Annotation

After constructing the single-constraint query set
Qsingle> We annotate gold answers on the corpus
C. For each query ¢ = (T, ¢), the gold answer is a
deduplicated set of satisfying entities,

Ay ={e € &r| ¢(e) = true}, 3)

where each entity must be supported by one docu-
ment and chunk.

Two-stage annotation. We adopt a two-stage anno-
tation pipeline. First, an LLM evaluates all query—
chunk pairs and proposes candidate positives with
entity names, document IDs, chunk IDs. These pre-
dictions are used only as pre-annotations. Second,

annotators are assigned a subset of documents. Hu-
man annotators read the assigned documents and
perform two tasks for each query: (1) verify that
each proposed entity is truly supported by the evi-
dence, and (2) identify any entities of type 7' that
satisfy ¢ but were missed by the LLM. Annotators
are instructed to exhaustively read their assigned
documents before making annotation decisions.
Quality control. A subset of documents is inde-
pendently annotated by two annotators to measure
consistency and identify ambiguous cases. For
each disagreement, the annotator assigning the pos-
itive label presents the supporting text recorded
during the independent annotation stage, and both
annotators re-examine the evidence and its sur-
rounding context. If the evidence does not lead
to a shared interpretation, the case is flagged as
unresolved. A query is removed when it is inde-
pendently flagged as unresolved by at least two
annotator pairs. In total, 15 queries are removed
under this criterion. After removing these unre-
solved queries, positive-label consistency on the
retained benchmark reaches 79%. All remaining
disagreements are subsequently resolved through
adjudication to establish the final gold labels. The
annotation process involves 5 annotators and ap-
proximately 300 annotation hours.

We report mean pairwise Cohen’s x (Cohen,
1960) and raw agreement, obtaining x = 0.496 and
90.23% raw agreement. They were both calculated
from the initial independent annotations, before any
discussion, adjudication, or query removal. These
statistics indicate high raw agreement but moderate
chance-corrected agreement, reflecting the diffi-
culty of resolving a small number of ambiguous
entity—constraint relations. We also compare LLM
pre-annotations with final human-validated labels,
obtaining 91.85% accuracy and 0.603 F1, indicat-
ing that LLM pre-annotation improves efficiency
but remains insufficient without human validation.

After validation, we normalize entity names fol-
lowing the same protocol as query construction,
merge duplicate annotations, and conduct a final
consistency check over entity names, evidence
spans, and query constraints. The resulting bench-
mark contains 5110 validated entity annotations
across 117 single-constraint queries, including 47
finance queries and 70 research queries.

4.4 Complete Query Generation

After obtaining validated single-constraint queries,
we construct multi-constraint queries by compos-
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ing queries with the same entity type. For two
single-constraint queries ¢; = (7', {¢;}) and ¢; =
(T, {¢;}), where ¢; # ¢, we create composed
queries using logical conjunction and disjunction:

a5 = (T AsiNe;}), a5 = (T, {¢:V d;})- (6)

The composed constraints are verbalized into
natural-language queries using the same verbal-
ization procedure. For example, when T' = model,
¢; = “used for classification”, and ¢; = “captures
local patterns”, the conjunction query asks: “How
many models are used for classification and capture
local patterns?” The disjunction query asks: “How
many models are used for classification or capture
local patterns?”

Their gold labels are derived directly from the
validated single-constraint annotations. For con-
junction, the gold entity set is the intersection
Ay, NAy;; for disjunction, it is the union Ay, U A, .
The evidence for each resulting entity is inherited
from the corresponding single-constraint annota-
tions. We manually remove composed queries that
are unnatural after verbalization, or have empty or
uninformative answer sets.

4.5 Evaluation Protocol

We primarily evaluate aggregation accuracy. Given
the predicted count ¢ and gold count y, we report
Absolute Count Error, ACE = |§—y/|, and Normal-
ized Absolute Count Error, NACE = |g — y|/(y +
€), where € is a small constant for numerical sta-
bility. ACE measures absolute counting deviation,
while NACE normalizes errors across queries with
different answer sizes. To reduce the influence
of outlier queries, we report the median ACE and
NACE unless average.

We also report two recall-based diagnostics.
Entity-level recall measures the proportion of gold
entities recovered by the system: Recall.,; =
IENE|/|E|, where € is the gold entity set and £
is the output entity set. Chunk-level evidence re-
call measures the proportion of annotated gold evi-
dence chunks covered by the system’s retrieved or
selected chunks. Since an entity may be supported
by multiple valid chunks, chunk-level recall is used
only as a reference diagnostic signal.

S Experiments

In this section, we conduct experiments on the pro-
posed benchmark to analyze the behavior of differ-
ent paradigms for aggregation over text.

(a) Finance Query Composition Density Distribution
B Finance (n=210)
Bl Research (n=288)
-= Finance med. (0.145%)
-=- Research med. (0.294%)

R

0- n -
0.0% 02% 05% 0.8% 1.0%
Query-level evidence density (%)

Finance - 210 queries

P\

32 -

24 -

Number of queries

mSingle 22.4%

HRevenue 43.8%

mOther 10.5%
Litigation 4.3%

W Multi 77.6%

HArt. Intel. 32.9%
GDPR 4.8%

W Acquisition 3.8%

Figure 3: Benchmark characterization of AGGBench. (a)
Chart shows the query split in the inner ring and entity com-
position in the outer ring. (b) Query-level evidence-density
distribution across finance and research queries.

5.1 Experiment Setup

Reference Methods. We evaluate a diverse set
of representative paradigms on our benchmark,
as shown in Table 1 and Appendix A.2. We
choose three categories of methods: Basic RAG,
Structured and Schema-first Methods, and Agentic
Framework. The selected methods include basic
RAG and agent implementations, widely used re-
search baselines, and representative open-source or
commercial systems. The structured and schema-
first category includes representative graph-based
or GraphRAG-style retrieval approaches, includ-
ing HippoRAG and LightRAG. More details are
provided in the Appendix A.2.

LLM Models. The experiments were conducted on
five representative LLMs—GPT-40-mini, Gemini-
3.5-Flash, Claude-Haiku-4.5, DeepSeek-V3.2, and
Qwen3-32B. They cover both large and small mod-
els, open-source and proprietary settings, as well
as reasoning and non-reasoning variants.

5.2 Benchmark Characterization

We characterize AGGBench from the perspective
of aggregation difficulty.

Corpus and query statistics. Table 2 summarizes
the corpus, query, and answer statistics of AGG-
Bench across the finance and research domains.
Despite aggregation labeling is particularly labor-
intensive, AGGBench contains 498 queries, provid-
ing a non-trivial evaluation set for completeness-
oriented aggregation. Figure 3(a) presents a nested
pie chart for the finance domain, where the outer
ring shows the distribution of entity types. Fi-
nancial and research documents differ in style
and constraint semantics: financial reports contain
business-, Al-, and market-oriented descriptions,
while research papers contain method-, dataset-,
and task-oriented descriptions.
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Table 1: Main performance comparison on the AGGBench dataset using GPT-40-mini. For methods that do not explicitly output
retrieved or selected evidence chunks, we omit chunk-level recall and mark it as

@

Finance

Research

Category Method
NACE (med) ACE (med) Recall(entity) Recall(chunk) NACE (med) ACE (med) Recall(entity) Recall(chunk)
Naive RAG 0.737 9.500 0.138 0.054 0.429 3.000 0.194 0.033
Basic RAG Methods FLARE (Jiang et al., 2023) 0.857 10.000 0.311 0.114 0.769 5.000 0.351 0.065
RAT (Wang et al., 2024) 0.606 7.000 0.254 0.100 0.429 3.000 0.389 0.036
DeepNote (Wang et al., 2025) 0.823 10.000 0.203 0.045 0.750 5.000 0.227 0.012
HippoRAG (Gutiérrez et al., 2024) ~ 0.750 9.500 0.144 0.057 0.500 3.000 0.220 0.042
Structured and Schema-first Methods LightRAG (Guo et al., 2025) 0.667 7.000 0.170 0.058 0.364 2.000 0.223 0.029
Pagelndex (Zhang et al., 2025a) 0.800 9.500 0.143 0.750 5.000 0.080
Palimpzest (Liu et al., 2025) 0.833 5.000 0.178 0.556 5.000 0.475
Naive Agent 0.586 6.000 0.214 0.074 0.500 3.000 0.306 0.032
ReAct (Yao et al., 2023) 0.616 7.000 0.210 0.063 0.429 3.000 0.238 0.015
ReadAgent (Lee et al., 2024) 0.500 7.000 0.398 - 0.667 4.000 0.273 -
Agentic Frameworks Multi Agent (Wu et al., 2024) 0.594 6.000 0.220 0.076 0.500 3.000 0.290 0.026
Smolagents (Roucher et al., 2025) 0.768 8.000 0.186 0.069 0.538 3.000 0.260 0.049
Search-ol (Li et al., 2025) 0.667 8.000 0.162 0.054 0.875 7.000 0.317 0.044
Claude Code (Anthropic, 2025) 0.579 7.000 0.180 0.444 3.000 0.237

Table 2: Statistics of AGGBench by domain. “Chars.” reports
the total chunk-text length in millions of characters. “Chunks”
reports the number of text chunks in each corpus. “Single Q.”
and “Multi Q.” denote single-constraint queries and composed
multi-constraint queries. “Avg. Ans.” is the average gold
answer size across queries. “Evid. Dens.” reports the median
query-level evidence density, computed as the fraction of gold
evidence chunks among all chunks.

Domain  Chars. (M) Chunks Single Q. Multi Q. Avg. Ans. Evid. Dens.
Research 448 4755 70 218 7.03 0.294%
Finance 590 7,611 47 163 14.7 0.145%
Overall 10.38 12,366 117 381 10.26 0.210%

Regarding query structure, the 381 multi-
constraint queries in AGGBench include 51 con-
junctive (AND) queries and 330 disjunctive (OR)
queries. The smaller number of AND queries
mainly results from the construction protocol rather
than sampling bias. Conjunctions naturally yield
fewer qualifying entities because each entity must
satisfy all constraints simultaneously. Conse-
quently, many candidate AND queries contain at
most one valid entity and are removed by our fil-
tering procedure, resulting in fewer retained AND
queries. These composed queries introduce set-
level aggregation complexity, requiring systems to
distinguish whether evidence should be intersected,
unioned, and deduplicated. The inner ring of Fig-
ure 3(a) shows the split between single-constraint
and multi-constraint queries in finance domain,
which demonstrates that our benchmark covers di-
verse entity categories and includes queries with
varying constraint complexity.

Answer and evidence distributions. One key chal-
lenge of aggregation over large text corpora is ev-
idence sparsity: the evidence required to answer
a query typically constitutes only a small fraction
of the entire corpus. For each query ¢, we define
evidence density as p, = |A4|/|C|. As shown in

Table 2, the median query-level evidence density
is only 0.210% overall and remains below 0.3% in
both domains. This means that systems must locate
a small number of relevant evidence chunks from
a large candidate corpus, making the task highly
dependent on effective retrieval and filtering. Fig-
ure 3(b) plots query-level evidence density, with the
x-axis showing the query level evidence density and
the y-axis showing the number of queries. Most
queries have very low evidence density, making
aggregation highly sensitive to retrieval omissions.

At the same time, AGGBench goes beyond
single-answer QA. The average gold answer size is
14.7 in finance and 7.03 in research, requiring sys-
tems to find, verify, deduplicate, and count multiple
satisfying entities rather than stop after retrieving
one relevant passage.

5.3 Performance Landscape on AGGBench

We evaluate the performance and cost of represen-
tative paradigms and language models.

5.3.1 Performance of Existing Paradigms

Table 1 reports the main results. Overall, exist-
ing paradigms remain unreliable for aggregation
queries over evidence-sparse corpora.

Basic RAG methods. Basic RAG methods pro-
vide direct evidence access, but their performance
is unstable across domains. Iterative retrieval meth-
ods such as FLARE and RAT achieve higher entity
recall than Naive RAG in several settings, show-
ing that query refinement can expose more relevant
evidence. However, higher recall does not consis-
tently translate into lower count error. This reflects
amismatch between RAG and aggregation: RAG is
designed to retrieve sufficient evidence for answer-
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ing, but lacks an explicit objective to exhaustively
collect all entities satisfying the query.

A natural question is whether the incomplete-
ness of RAG can be addressed simply by retrieving
more passages. We therefore vary the retrieval top-
k from 5 to 50 for representative RAG methods.
The results show that increasing k consistently ex-
poses more relevant evidence, but does not lead
to a corresponding improvement in aggregation
accuracy. These results suggest that aggregation
is not simply a retrieval-depth problem. Detailed
results for different top-k values are provided in
Appendix A.4.

Structured and schema-first methods. Structured
and schema-first methods do not consistently out-
perform basic RAG. LightRAG achieves strong
count accuracy, especially on the research do-
main, but its entity recall remain limited. Pageln-
dex and Palimpzest also show unstable behav-
ior, with Palimpzest producing large errors on re-
search. These results suggest that intermediate
structures or semantic indexes can help organize
evidence, but they do not guarantee completeness
when constraints are not anticipated by the prede-
fined schema or index.

Agentic frameworks.  Agentic frameworks
achieve competitive count accuracy in several set-
tings, mainly due to their stronger planning and
feedback-driven refinement. However, their entity
recall is often lower than that of some RAG meth-
ods, suggesting that they are not better at exhaustive
retrieval. Instead, agents can better interpret aggre-
gation queries and adjust their behavior toward pro-
ducing useful counts. Still, without mechanisms
for preserving candidate coverage and validating
completeness, they miss satisfying entities.

Overall, the main bottleneck is not merely rea-
soning over retrieved evidence, but maintaining
sufficient evidence coverage before aggregation.
More results and analysis are in Appendix A.4.

We further examine whether this conclusion
holds across different logical compositions by sep-
arately evaluating AND and OR queries. Both
subsets exhibit limited entity and evidence recall
across methods, while OR queries generally in-
cur larger absolute counting errors, particularly in
the Finance domain, consistent with their larger
answer sets. We also assess the robustness of the
observed differences using paired Wilcoxon signed-
rank tests on per-query results. The complete re-
sults are reported in Appendix A.7.

5.3.2 Comparison Across Base Models
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Figure 4: Entity recall versus cost on a log scale across back-
bone models and retrieval configurations.

Figure 4 examines the trade-off between entity-
level coverage and inference cost across backbone
LLMs and retrieval configurations. The x-axis uses
a logarithmic scale to reflect the large cost variation,
and the dashed line marks the Pareto front (Mietti-
nen, 1998). While stronger proprietary models im-
prove recall in some settings, architecture appears
to play a larger role: agentic methods with cheaper
backbones can still outperform RAG-based meth-
ods. This suggests that aggregation requires better
planning and evidence exploration, and that future
work should focus more on agentic frameworks
rather than simply scaling backbone models. We
provide additional metrics and cost of experiments
in main table in Appendix A.3.

5.4 Diagnostic Analysis

In this section, we analyze the behaviors and limi-
tations of existing methods.

5.4.1 Failure Modes of Existing Paradigms

We analyze a representative aggregation query:
“How many papers apply to the legal domain?”
Naive RAG fails on this query because it relies
solely on semantic similarity ranking without en-
forcing domain constraints; the semantic gap be-
tween the query and one of the evidence chunks
causes the chunk to be ranked low and missed. Fur-
ther analysis shows that increasing the reasoning
trajectory length (RAT) does not alleviate this is-
sue. The system terminates retrieval once partial
evidence is found, lacking completeness-aware be-
havior required for aggregation tasks.
Schema-first methods (e.g., HippoRAG) fail
when query constraints fall outside the predefined
schema, causing relevant evidence to be omit-
ted during structured retrieval. Moreover, these
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approaches require costly corpus structuring; as
shown in Appendix A.2.2, constructing such struc-
tured corpora incurs substantial computational/API
cost and becomes brittle under domain shifts.

Agentic methods fail mainly due to unreliable
aggregation over retrieved evidence. ReAct-style
agents often issue multiple reformulated searches
and accumulate many chunks in the context, but
they lack a reliable mechanism to extract satisfying
entities and deduplicate them across mentions. As
a result, additional retrieval does not necessarily
translate into complete or accurate counts. Other
methods such as ReadAgent attempt a more exhaus-
tive traversal of the corpus, but this substantially
increases execution cost and still does not guaran-
tee recovery of the complete entity set.

5.4.2 Common Error Patterns

Insufficient completeness awareness. Most errors
stem from the lack of completeness-aware behavior.
Existing frameworks are usually designed under a
relevance-oriented assumption (Karpukhin et al.,
2020), where finding several relevant chunks is
treated as sufficient for answering. In constrast, ag-
gregation queries require agents to follow stronger
planning mechanisms and more stable execution
patterns for systematically reading, verifying, and
summarizing evidence.

Incorrect tool usage. About 20% of errors are
related to incorrect tool usage. Models often repeat-
edly call the same tool with minor query variations,
or fail to choose appropriate retrieval and filtering
parameters. Future work could incorporate tool-
awareness or tool-evolution learning to improve
parameter selection and usage reliability.
Evidence hallucination. A smaller portion of er-
rors comes from evidence hallucination. In these
cases, the model mistakes numerical values or in-
cidental statements in the source text for the final
aggregation result, rather than deriving the answer
from a verified set of satisfying entities.

6 Conclusion

In this work, we studied aggregation queries over
unstructured text. We formalized this problem as
corpus-bounded entity-level aggregation and in-
troduced AGGBENCH, a completeness-oriented
benchmark constructed from finance reports and
research papers. Through a corpus-grounded query
construction pipeline and LLM-assisted human val-
idation, AGGBENCH provides evidence-supported
gold answers. Our experiments show that existing

methods remain far from reliable on this task. Their
failures mainly arise from incomplete evidence cov-
erage, over-reliance on top-ranked passages, and in-
sufficient mechanisms for tracking all satisfying en-
tities across a large corpus. We hope AGGBENCH
will support future work on completeness-aware
retrieval and robust aggregation methods for un-
structured corpora.

7 Limitations

Due to computational and API budget constraints,
our experiments cover a representative set of LLM
backbones and baseline paradigms, but do not ex-
haustively evaluate all available proprietary and
open-source models. Since model capabilities
evolve rapidly, future work can extend the compar-
ison to a broader and continuously updated model
pool. In addition, AGGBench currently focuses on
research and financial documents. Although these
domains provide realistic and evidence-sparse set-
tings for entity-level aggregation over text, expand-
ing the benchmark to more domains such as legal,
biomedical, and enterprise documents would fur-
ther test the generality of existing methods.

8 Ethical Impact

All source documents used in this study are pub-
licly available financial records and research papers.
We use them only for corpus-bounded benchmark
construction and do not collect private user logs, be-
havioral traces, or data intended to profile individu-
als. Although some source documents may contain
public names such as paper authors or company
executives, our queries and annotations focus on
entities such as methods, datasets, systems, prod-
ucts, organizations, and business items, rather than
personal attributes. We also follow the licenses and
terms of the original sources when constructing and
releasing the benchmark.

Human annotation was used only to validate
entity-level gold answers and supporting evidence.
Annotators were informed of the research purpose
and annotation procedure, and were compensated
fairly for their work according to local institutional
standards. We do not release annotator identities or
any personal information about annotators. Since
the annotation task involves publicly available doc-
uments and does not require collecting sensitive
personal data from participants, it presents mini-
mal privacy risk.
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A Appendix

A.1 Limitations of Existing Pipelines

Here we formalize existing methods and discuss
their limitations. Following the main formulation,
let A(q,C) denote the exact set of entities in corpus
C that satisfy query q. For COUNT aggregation,
the final answer is Ans(q,C) = |.A(g,C)|. In prac-
tice, the corpus C is split into chunks {c1,...,car}
and processed at the chunk level. Let A(q, c¢) de-
note the set of entities in chunk c that satisfy query
q. The exact satisfying entity set is obtained by ag-
gregating chunk-level results across the full corpus:

A(g,€) = |J Alg, 0), (7)

ceC

where duplicate entities across chunks are merged.
Existing approaches can then be viewed as simpli-
fied approximations of Equation (7).

Directly computing the expression in Equa-
tion (7) is infeasible when |C| is large, so some
existing systems adopt a rank—then—read strategy.
A lightweight retriever assigns each chunk a rele-
vance score and keeps only the top k chunks. These
k chunks are fed to a large language model py.
When k < count(q), many relevant entities never
reach the model, and the resulting upper bound:

countrag(q) = |[AGGecz, (g0 Yalc)|  (®)

can fall far below the true total. Otherwise, increas-
ing k indiscriminately introduces large amounts of
irrelevant text, inflates context length, and quickly
exceeds the input limit of py.

A second line of work replaces free-text rea-
soning with schema-first pipelines. Each chunk is
pre-processed by an extractor 7' that maps text to
structured tuples 7' : C — S, yielding a relational
or graph database S. Then, the original query is
rewritten into SQL or SPARQL form, denoted ¢*,
and executed as

count(q) = |og+(S)|, ©)

where oy« (-) returns all tuples satisfying the struc-
tured query. This approach suffers from two issues:
building S demands expensive extraction and align-
ment, and the fixed schema restricts ¢* to explicit
attributes, making it hard to capture implicit or
compositional conditions.

In short, rank—then-read RAG sacrifices recall
for efficiency, while schema-first pipelines incur
heavy upfront costs yet remain rigid. Neither class

can deliver complete aggregation at a practical in-
ference cost; hence, a new framework is required
to solve aggregation problems effectively.

A.2 Implementation details

A.2.1 Baseline Details

We provide detailed descriptions of the baseline
methods introduced in Section 5.1, covering three
categories and fifteen methods:

Basic RAG Methods. These kind of methods
use top-k retrieval combined with chunk-based
RAG prompting. We use Llamalndex to build the
Naive RAG system. For FLARE, RAT, and Deep-
Note, we design task-specific prompts for aggre-
gation queries in both the Finance and Research
domains, and preserve the original configurations
of each method. All retrieval top-k are set to 5.

Structured and Schema-first Methods.
These methods leverage graph-enhanced RAG or
structure-aware retrieval instead of chunk-based
retrieval. For HippoRAG and LightRAG, we
construct the knowledge graphs with their default
configurations respectively. For LightRAG, we
use the hybrid mode and set the chunk top-k to 5.
For Pagelndex, we concatenate all PDF versions
of filings in the Finance corpus into a single
document collection named Financial Reports with
a corresponding table of contents. Similarly, all
paper PDFs in the Research corpus are merged
into a collection named Proceedings. We then
build page indexes on top of these collections
for evaluation. For Palimpzest, we adopt the
maxquality strategy.

Agentic Frameworks. These methods employ
LLM-based agents to perform iterative reasoning
and retrieval. Naive Agent is a basic agent frame-
work that supports multiple calls to the retrieval
tool. ReAct is implemented using LangChain and
follows the classical thinking-action-observation
loop. Multi-Agent enables a manager agent to cre-
ate sub-agents and assign them specialized tasks.
Smolagents is implemented based on its official li-
brary. All agentic frameworks mentioned above are
equipped with a dense-retrieval tool implemented
using ChromaDB, with the retrieval top-k set to
5 and the maximum number of iterations set to
10. For ReadAgent, we directly provide the raw
corpus documents, and the framework performs
document pagination and retrieval with its default
settings. Search-ol was originally designed for
web search scenarios. We replace its web search

23603



Table 3: Pricing details of the evaluated LLMs.

Input Output
Model ($/M Tokens)  ($/M Tokens)
GPT-40-mini 0.1500 0.6000
Qwen3-32B 0.4000 1.6000
DeepSeek-V3.2 0.3160 0.4740
Gemini-3.5-Flash 1.5000 9.0000
Claude-Haiku-4.5 1.0000 5.0000

Table 4: Overall question-answering costs.

Cost
Category Method ost($)
Finance Research
Naive RAG 0.074 0.022
Basic RAG FLARE 0.059 0.221
Methods RAT 0.353  0.735
DeepNote 0.338 0.529
HippoRAG 0.088 0.118
Structured and LightRAG 0.059 0.103
Schema-first Methods  pagelndex 1.412 1.535
Palimpzest 38.971 32.941
Naive Agent  0.088 0.224
ReAct 0.179 0.034
Acenti ReadAgent 6.397 7.868
gentic .
Frameworks Multi Agent 0.471 0912
Smolagents 0.309 0.324
Search-ol 0.162 0.309
Claude Code  0.450 0.934

module with the same local dense-retrieval tool
used above and design task-specific prompts for
aggregation queries. We also evaluate Claude Code
by directly issuing instructions in the terminal en-
vironment, and allow it to access the entire corpus
and generate answers in the required output format.

A.2.2 Model Usage

In this paper, experiments are conducted on
GPT-40-mini, Gemini-3.5-Flash, Claude-Haiku-
4.5, DeepSeek-V3.2 and Qwen3-32B. We access
all LLM services through the DMXAPI model ag-
gregation platform. The corresponding pricing de-
tails are provided in Table 3. The overall question
answering costs for all experiments reported in Ta-
ble 1 are summarized in Table 4. For structured
methods, we additionally report the costs of con-
structing structured data representations, as sum-
marized in Table 5.

A.3 Can Stronger Backbone LLLM Solve
Aggregation Problems?

To verify whether stronger base models can re-
solve the aggregation problem, we select one rep-

Table 5: Overall structure-construction costs.

Method Cost($)

Finance Research
HippoRAG 1.471 1.834
LightRAG 7.353 3.904
Pagelndex 8.824 3.162

resentative baseline from each of the three cate-
gories and evaluate their performance across dif-
ferent backbone models. Results are in Figure 5.
Overall, stronger backbone models sometimes im-
prove evidence coverage, particularly in terms
of Recall-chunk and Recall-entity. For example,
Gemini-3.5-Flash and Claude-Haiku-4.5 achieve
substantially higher Recall metrics under the ReAct
framework. This suggests that stronger instruction-
following and reasoning capabilities can partially
improve iterative retrieval and evidence collec-
tion. However, these gains are highly inconsistent
across frameworks and are accompanied by dra-
matically increased inference cost. In several cases,
stronger models yield only marginal improvements
or even performance degradation despite signifi-
cantly higher cost. That indicates that larger model
size alone does not necessarily translate into better
aggregation capability.

More importantly, even the strongest backbone
models still exhibit relatively low Recall-chunk
scores across all settings, suggesting that existing
RAG and agentic pipelines remain fundamentally
limited in exhaustive evidence collection. Although
stronger models can partially mitigate the aggrega-
tion problem, they fail to resolve it within current
baseline frameworks. These results indicate that
simply scaling backbone LLMs is neither an eftec-
tive nor an economical solution to the aggregation
challenge posed by AGGBench.

A.4 Can Larger Top-k Retrieval Solve
Aggregation Problems?

To verify whether enlarging the retrieval Top-k re-
solves the aggregation problem, we evaluated the
performance of several RAG baselines under differ-
ent Top-K. Results are summarized in Table 6. We
observe that increasing Top-k raises chunk-level re-
call, sometimes by more than 0.09 compared to
low-retrieval settings. However, this gain does
not translate into better aggregation accuracy. On
AGGBench Research domain, naive RAG exhibits
higher recall as top-k grows, yet both NACE(mean)
and NACE(med) remain nearly unchanged or even
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Figure 5: Performance versus average per-query cost (USD, log scale) across all four AGGBench metrics. Each point represents
one backbone model under one retrieval configuration. Dashed lines indicate the Pareto front.

worse. LightRAG shows a similar trend: although
recall on AGGBench increases from 0.03 to over
0.12, its NACE values fluctuate with larger top-k,
reflecting unstable accuracy. For DeepNote, en-
larging top-k yields smoother recall improvements,
but aggregation accuracy also oscillates and even-
tually worsens at higher retrieval sizes, revealing
the model’s sensitivity to noisy evidence.

Overall, results show that existing RAG methods
cannot solve aggregation problems by enlarging
Top-k. Even when evidence is retrieved, the inclu-
sion of noise often undermines accuracy.

A.5 Dataset Details

Finance corpus. The finance corpus is constructed
from company annual reports filed through the
U.S. Securities and Exchange Commission (SEC)
EDGAR system. We collect Form 10-K filings
whose report dates fall in 2025, and select com-
panies in descending order of market capitaliza-
tion. Form 10-K filings are used because they pro-
vide long-form, company-level descriptions of busi-

Table 6: Effect of retrieval Top-k on baselines evaluated on
AGGBench Research domain.

Method Top-k NACE(Mean) NACE(Med) Recall
5 0.446 0429 0033
‘ 10 0.419 0333 0.050
Naive RAG ) 0.711 0333 0077
50 1.406 0417 0121
5 0.450 0364 0029
. 10 0418 0375  0.044
LighRAG 0.434 0333 0076
50 0.463 0375 0123
5 0.621 0667 0015
Deepnote 10 0.785 0.667 0.037
20 0.963 0615 0049
50 0.920 0556  0.094

ness operations, risk factors, financial conditions,
products, markets, and strategic directions, making
them suitable for evaluating aggregation queries
over realistic financial text. Table 17 lists the SEC
EDGAR filings used in our finance corpus.

Research corpus. The research corpus is con-
structed from full-text research papers collected
from official publication or preprint sources, such
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as conference proceedings and open-access paper
repositories. We focus on papers in areas related
to large language models, retrieval, agents, graph
learning, and data-centric Al, where recurring enti-
ties such as methods, datasets, models, tasks, and
evaluation settings naturally support entity-level
aggregation queries. For each paper, we convert
the original document into plain text and apply the
same chunking and annotation pipeline as used for
the finance corpus. Table 18 lists the research pa-
pers used in our research corpus.

A.6 Human Instructions

A.6.1 Instructions for Query Construction

Table 7: Instructions for query construction validation.

Instructions for Query Construction

Task Instruction.

You will be asked to validate intermediate
outputs used for constructing aggregation
queries. These outputs include candidate
entity types, candidate constraints, and gen-
erated natural-language queries. Your goal
is to remove candidates that are unsuitable
for constructing corpus-bounded aggregation
queries. You should make decisions only
based on the provided corpus snippets and
should not use external knowledge.

Entity Type Validation.

For each candidate entity type, you will be
given its type name, sampled entity mentions,
normalized canonical entities, and represen-
tative evidence chunks. Keep an entity type
only if it defines a clear and countable ag-
gregation unit, such as a dataset, model, com-
pany, product, method, system, data center, or
business segment. The boundary of the type
should be clear enough that you can decide
whether a mention belongs to this type. Re-
move entity types that are overly generic, am-
biguous, too broad, or not suitable as count-
ing units, such as “thing”, “item”, “factor”,
“area”, or “information”. Also remove types
that are merely textual roles or vague descrip-
tions and cannot be consistently grounded in
the corpus. A valid entity type should have
enough repeated instances in the corpus to

support aggregation queries.
. W

Constraint Validation.

For each candidate constraint, you will be
given the entity type, the constraint phrase, as-
sociated entities, and supporting chunk. Keep
a constraint only if it directly specifies a prop-
erty, function, domain, condition, or usage of
the target entity type. The constraint must be
explicitly supported by the provided chunk,
rather than inferred from external knowledge.
Remove constraints that are vague, overly
generic, unsupported, ambiguous, too rare,
too broad, or not useful for distinguishing en-
tities. Examples of overly generic constraints
include “important”, “various”, “large”, and
“different”, unless the corpus gives them a pre-
cise meaning. Also remove constraints that
are entity-specific, apply to almost all enti-
ties of the same type, or cannot be naturally
interpreted as a query condition.

Query Validation.

For each generated query, you will be given
the original entity type 7', the constraint ¢,
and the generated natural-language query q.
Keep a query only if it preserves the original
entity type and constraint without adding new
conditions. The query should ask for an ag-
gregation result, usually in the form of “How
many ...”. It should be natural, understand-
able, corpus-bounded, and answerable using
the provided corpus.

Remove queries that are ambiguous about
what should be counted, require external
knowledge or subjective judgment, change
the meaning of the original type—constraint
pair, or introduce extra assumptions.

A.6.2 Instructions for Gold Answers

Table 8: Instructions for gold answer annotation.

Instructions for Gold Answers

Task Instruction.

You will be given a set of aggregation queries
and a set of assigned documents split into
text chunks. For each query, you will see
its target entity type 7', constraint ¢, natural-
language question ¢, and LLM-proposed can-
didate positives. Your task is to construct a

corpus-bounded gold answer set.
G J
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For each query, first check the LLM-proposed
candidates. For every proposed entity, decide
whether it is a concrete entity of the required
type T, whether the provided chunk explicitly
supports the constraint ¢, and whether the
entity should be counted as a positive answer.
Reject candidates whose evidence is missing,
vague, only weakly related to the constraint,
or dependent on external knowledge. Also
reject generic category names, descriptions,
or entity types that are not concrete entities.
After verifying the proposed candidates, read
the assigned documents and identify any ad-
ditional entities that satisfy the same query
but were missed by the LLM. For each valid
entity, record a canonical entity name, the
source document ID, and the chunk ID copied
from the corpus. If the same entity appears
multiple times or under slightly different
names, merge these mentions into one canon-
ical entity entry and keep the clearest support-
ing evidence.

Only count entities that satisfy the query
within the given corpus. If an entity is men-
tioned but the constraint is not explicitly sup-
ported, do not count it. If the evidence is am-
biguous, mark the case for discussion rather
than making an unsupported decision.
During disagreement resolution, annotators
should revisit the query definition, the source
text, and decide whether the entity is concrete,
whether the constraint is explicitly supported,
and whether the annotation is consistent with
other entities for the same query. For each
disagreement arising from independent anno-
tation, the annotator assigning the positive la-
bel first presents the supporting text recorded
during the independent annotation stage and
explains why it satisfies the query constraint.
Both annotators then re-examine the support-
ing text and its surrounding context. If they
still cannot reach a shared interpretation, the
case is marked as unresolved rather than forc-
ing either a positive or negative label. A query
is removed from the benchmark only when it
is independently flagged as unresolved by at
least two annotator pairs.

A.6.3 Instructions for Multi-Constraint
Queries

Table 9: Instructions for multi-constraint query validation.

Instructions for Multi-Constraint Queries

Task Instruction.

You will be given multi-constraint aggrega-
tion queries generated by composing two val-
idated single-constraint queries with either
conjunction or disjunction. For each com-
posed query, you will see the entity type 7',
the two original constraints ¢; and ¢;, the log-
ical operator, the generated natural-language
query, and its derived answer set.

Your task is to decide whether the com-
posed query should be kept in the bench-
mark. Keep the query only if the generated
natural-language form correctly preserves the
intended logical meaning. For conjunction,
the query should require entities to satisfy
both constraints. For disjunction, the query
should require entities to satisfy at least one
of the two constraints. The query should be
natural, understandable, and unambiguous
about what should be counted.

Remove the query if the verbalization
changes the meaning of either constraint, in-
troduces additional assumptions, makes the
logical relation unclear, or produces an un-
natural question. Also remove queries whose
answer set is empty, trivial, or uninformative
for evaluation. Do not use external knowl-
edge when making this decision; judge only
whether the composed query and its derived
answer set are valid under the existing anno-

tated corpus.
\ J

A.7 Additional Results
A.7.1 Performance by Logical Operator

To examine whether the observed difficulty of ag-
gregation is specific to a particular logical opera-
tor, we separately evaluate the 381 multi-constraint
queries according to their composition operator.
The benchmark contains 51 conjunctive (AND)
queries, including 44 Finance and 7 Research
queries, and 330 disjunctive (OR) queries, includ-
ing 119 Finance and 211 Research queries. Ta-
bles 10 and 11 report the complete results for all
evaluated methods.

Across both operators, current methods continue
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to exhibit limited entity and evidence recall, indicat-
ing that the completeness bottleneck is not specific
to either conjunction or disjunction. OR queries
generally incur substantially larger absolute count
errors than AND queries, particularly in the Fi-
nance domain. This is consistent with OR queries
typically producing larger answer sets, for which
missed entities accumulate into larger counting er-
rors. Importantly, no method consistently domi-
nates across both operators and domains, further
suggesting that existing RAG, structured retrieval,
and agentic pipelines lack a reliable mechanism
for preserving corpus-level completeness before
aggregation.

A.7.2 Statistical Significance

We select one representative method from each
paradigm: Naive RAG from Basic RAG Methods,
LightRAG from Structured and Schema-first Meth-
ods, and ReAct from Agentic Frameworks. We
conduct paired Wilcoxon signed-rank tests on per-
query NACE, ACE, entity-level recall, and chunk-
level recall. Table 12 reports the resulting p-values.

Overall, these results show that the evaluated
paradigms differ substantially in evidence-recovery
behavior, while differences in final counting accu-
racy are more dependent on the particular method
and domain.

A.8 Prompt Templates

This section lists the prompt templates used
in the LLM-assisted construction of AGG-
Bench. Placeholders such as {chunk}, {entity},
{entity_type}, and {query} are replaced with
the corresponding corpus content or query informa-
tion during benchmark construction.
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Table 10: Performance on multi-constraint conjunctive (AND) queries. NACE and ACE report median normalized and absolute
count error, respectively. Ent. R and Chunk R denote entity-level and chunk-level recall.

Method Finance Research

NACE| ACE] Ent.R1 ChunkR1 NACE] ACE| Ent. R+ ChunkR 1

NaiveRAG 0410 2.000 0.197 0.087 0.250 1.000  0.120 0.024
FLARE 0.667  3.000 0.333 0.155 0.667  2.000 0.143 0.029
RAT 0417  2.000  0.269 0.143 0.750  3.000  0.286 0.066
DeepNote 0.625 4.000  0.290 0.069 0.500  2.000  0.167 0.000
HippoRAG 0.657  2.000  0.192 0.054 0.500  2.000 0.311 0.006
LightRAG 0.624  3.000 0.234 0.092 0.727  3.000  0.381 0.000
Pagelndex 0.667  3.000 0.212 - 0.667 2.000 0.119 -

Palimpzest 1.000  4.000  0.077 - 0.750  12.000  0.588 -

NaiveAgent 0.500  2.000  0.296 0.111 0.750  3.000  0.262 0.048
ReAct 0.646  4.000 0.226 0.058 0.333 1.000  0.083 0.008
ReadAgent 0.688  4.000  0.519 - 0.500 2.000  0.119 -

MultiAgent 0.572  3.000  0.298 0.111 0.500  2.000  0.155 0.048
Smolagents 0.750  4.000  0.292 0.114 0.667  2.000  0.143 0.000
Search-ol 0.667 4.000 0.171 0.061 2208  9.000 0.344 0.024
Claude Code 0950  5.000  0.251 - 0.500  3.000 0.343 -

Table 11: Performance on multi-constraint disjunctive (OR) queries. NACE and ACE report median normalized and absolute
count error, respectively. Ent. R and Chunk R denote entity-level and chunk-level recall.

Method Finance Research

NACE| ACE| Ent. R1 ChunkR1 NACE] ACE| Ent. R+ ChunkR 1

NaiveRAG 0.793 14.000 0.116 0.044 0.455 3.000 0.176 0.037
FLARE 0.909 16.000 0.315 0.090 0.800  6.000  0.343 0.065
RAT 0.628 11.500 0.263 0.092 0429 3.000 0.371 0.031
DeepNote 0.750  14.000 0.163 0.033 0.750  5.000  0.209 0.012
HippoRAG 0.750 13.000 0.121 0.050 0.500 4.000  0.021 0.032
LightRAG 0.684 13.000 0.234 0.047 0.333  2.000 0.211 0.00570
Pagelndex 0.806  15.000 0.131 - 0.769  6.000  0.079 -
Palimpzest 1.000  6.000  0.190 - 0415 4.000  0.502 -
NaiveAgent 0.579  11.000 0.188 0.066 0.455 3.000 0.284 0.026
ReAct 0.619 12.000 0.198 0.049 0455 4.000 0.223 0.001
ReadAgent 0.400 7.000  0.387 - 0.667 5.000 0.284 -
MultiAgent 0.586 11.000 0.190 0.066 0429  3.000 0.279 0.025
Smolagents 0.768  15.000 0.154 0.055 0.538  4.000  0.253 0.052
Search-o1 0.667 12.000 0.158 0.048 0.889  7.000 0.301 0.044
Claude Code  0.533 9.000  0.181 - 0.429  3.000 0.240 -

Table 12: Paired Wilcoxon signed-rank tests between representative methods from the three evaluated paradigms. Non-significant
entries report exact p-values, while statistically significant entries are denoted by * p < 0.05, ** p < 0.01, and *** p < 0.001.

Dataset ~ Method A Method B NACE ACE  Chunk R. Entity R.

Research Naive RAG LightRAG 0.1940 * 0.4009 ok
Research Naive RAG ReAct 0.1047 0.0555 HAE o
Research LightRAG  ReAct 0.4944 0.1211 o 0.6522
Finance  Naive RAG LightRAG 0.0783 0.0957 o ok
Finance = Naive RAG ReAct HA HA 0.4269 HAE
Finance  LightRAG  ReAct 0.2281 0.2953 o oAk
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Table 13: Prompt templates for entity type extraction in financial reports.

Entity Type Extraction

You are an expert in financial information extraction from SEC 10-K filings.

Task:
Extract key entities from the given text and classify them into predefined categories.

Example Entity Types:

— Organization:
company, institution, or external entity.

— Product:
named product, platform, system, or service offered by a company.

— Technology:
technical concept, method, or capability.

— Market:
industry sector or application domain.

— Strategy:
clearly stated long—term business direction, initiative, or strategic focus.

— Risk:
potential factor that may negatively impact the company.

— Regulation:
law, policy, or government restriction affecting the company.

— Event:
specific business action or occurrence.

— Metric:
quantitative financial or operational indicator.

Guidelines:

— Extract only explicitly mentioned entities.

— Use concise and canonical names (avoid long phrases).

— Do not infer or hallucinate entities not present in the text.

— Avoid duplicates.

— If an entity could belong to multiple types, choose the most specific and appropriate one.

Output Format:
Return a JSON array ONLY, with no additional text:

“json
({"type": "..", "name": ".."}}
]

[NENEN

Note:

1. Extract only entities explicitly discussed in the text, and do not speculate
2. Use Standard English terms for entity names

3. If there are no extractable entities, return an empty list []

Output only the JSON array, no text.

Text:
{chunk_text}
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Table 14: Prompt templates for constraint extraction.

Attribute-value Constraint Extraction

You are an expert in entity—centric information extraction.

Task:
Extract constraints (restrictive or descriptive phrases) that constrain or specify the meaning of the entity
"{entity_name}" from the text snippet. Constraints refer to attribute values that restrict or describe the entity.

Definition of "constraint":
A constraint is a short phrase that restricts or adds specific meaning to the entity. It typically captures:

Type: "generative AI" —> "generative"

Domain / application: "Al for healthcare" —> "healthcare"

Scale / scope: "large—scale Al systems" —> "large—scale"

Condition / context: "Al in cloud environments" —> "cloud environments"
Purpose / function: "Al for fraud detection" —> "fraud detection"

In this task, constraints refer to attribute values, not attribute names.
For example, in "Al for healthcare applications", the attribute can be "domain" or "application", but the constraint to
extract is "healthcare".

Strict Rules:
1. Extract ONLY phrases that directly constrain or specify the entity.
2. The constraint must be semantically tied to the entity, not general sentence context.
3. Keep constraints SHORT, preferably 1 to 4 words.
4. Prefer meaningful phrases over single vague words.
5. DO NOT extract:
— Full clauses or long explanations
— Generic words, such as "important”, "various", or "many"
— Attribute names, such as "type", "domain", "application", "context", "
6. Extract at most 3 constraints.
7. If no valid constraint exists, return an empty list.

purpose"”, or "function"

Examples:

"generative Al models" —> ["generative"]

"Al for healthcare applications" —> ["healthcare"]
"large—scale Al systems" —> ["large—scale"]

"Al used in cloud environments" —> ["cloud environments"]
"Al for fraud detection" —> ["fraud detection"]

"Al is transforming industries" —> []

Text snippet:
"{context}"

Output format (STRICT JSON, no extra text):
{{

"constraints": ["string", "string"]

H
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Table 15: Prompt templates for query verbalization.

Query Verbalization

Generate a question based on the given entity and constraint.

Generate a question in JSON format:

entity_level: A question about how this entity is described by/associated with the given constraint. This question asks
about the specific entity's relationship with the constraint.

Output format (STRICT JSON):

{

"entity_level": "question about {entity} and {constraint}"

1

Examples:

Input:

entity: competition

constraint: online

Output:

How many online competitions are in the corpus?

Input:

entity: data center

constraint: accelerated computing

Output:

How many accelerated computing data centers are in the corpus?

Now generate the question:

Input:

entity: {entity}
constraint: {constraint}
Output:

nn

"""Based on the following entity, constraint, and source context, generate a question:

Entity: {entity}
Constraint: {constraint}

Source Context:
{source}

Generate a question in JSON format:

entity_level: A question about how this entity is described by/associated with the given constraint. This question asks
about the specific entity's relationship with the constraint.

Output format (STRICT JSON):

{{

"entity_level": "question about {entity} and {constraint}"

1

Requirements:

— Questions must be answerable from the source context
— Use natural, clear English

— Do not include any text outside the JSON object
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Table 16: Prompt templates for LLM-based query—chunk pre-annotation.

LLM-based Query—chunk Pre-annotation

System message:

You are a precise evidence extractor for financial document analysis. You will be given one text chunk from a financial
filing and a structured list of questions. Each question has a query_id, entity_type, attribute, and question text.
Use all four fields together as matching guidance, not only the question text.

Your task is to decide, for each question, whether the chunk explicitly supports it. If it does, extract one concrete
named entity for that question.

Strict rules:

1. Use only the given chunk. Do not use external knowledge.

2. Do not answer the final count directly.

3. If the chunk does not explicitly support a question, omit that question from matches.

4. The entity_name must be a concrete entity explicitly mentioned in the chunk. It should be a proper name, a specific
named product, a named transaction, or a named system.

5. Never use generic category phrases as entity_name. Forbidden examples include: cloud service providers,
companies, customers, business, service, product, platform, market, revenue, competition, litigation, acquisition,
and applications. If the chunk only discusses a category but does not name a concrete entity satisfying the
question, return no match for that question.

6. Only match a question if the chunk explicitly supports a concrete named entity. Do not infer a match from the
company name alone.

7. Do not use a table of contents, SEC cover page, filing metadata, address, phone number, trading symbol, or generic
risk—factor text as evidence, unless the question directly asks about those fields.

8. Return only valid JSON. Do not use markdown. Do not use code fences. Do not include any explanation outside the
JSON.

User message:

CHUNK ID: {chunk_id}
SOURCE FILE: {source_file}
CHUNK INDEX: {chunk_index }

CHUNK TEXT:
{chunk_content}

QUESTIONS:
{questions}

For each question that is explicitly supported by this chunk with a concrete named entity, add one entry to "matches".
If no question is supported, return:

"chunk_id": "{chunk_id}",
"source_file": "{source_file}",
"chunk_index": {chunk_index},
"matches": []

}

If there are matches, return only this JSON:

"chunk_id": "{chunk_id}",

"source_file": "{source_file}",
"chunk_index": {chunk_index},
"matches": [

{
"query_id": "q_001",
"question": "the original question text",
"entity_name": "Google Cloud",

"entity_type": "public cloud service",

non

"reason": "short reason grounded only in this chunk"
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Table 17: Examples of SEC EDGAR Form 10-K filings used in the finance corpus.

#  Company Ticker =~ Exchange Report Date Filing Date Source

1 NVIDIA NVDA  Nasdaq 2025-01-26  2025-02-26  SEC filing
2 Apple AAPL  Nasdaq 2025-09-27  2025-10-31  SEC filing
3 Alphabet (Google) GOOG Nasdaq 2025-12-31  2026-02-05  SEC filing
4 Microsoft MSFT  Nasdaq 2025-06-30  2025-07-30  SEC filing
5  Amazon AMZN Nasdaq 2025-12-31  2026-02-06  SEC filing
6  Meta Platforms (Facebook) META  Nasdaq 2025-12-31  2026-01-29  SEC filing
7  Tesla TSLA Nasdaq 2025-12-31  2026-01-29  SEC filing
8  Micron Technology MU Nasdaq 2025-08-28  2025-10-03  SEC filing
9  Netflix NFLX  Nasdaq 2025-12-31  2026-01-23  SEC filing
10 Oracle ORCL  Nasdaq 2025-05-31  2025-06-18  SEC filing
11  AMD AMD Nasdaq 2025-12-27  2026-02-04  SEC filing
12 Palantir PLTR Nasdaq 2025-12-31  2026-02-17  SEC filing
13 Cisco CSCO  Nasdaq 2025-07-26  2025-09-03  SEC filing
14 IBM IBM Nasdaq 2025-12-31  2026-02-24  SEC filing
15 Salesforce CRM Nasdaq 2025-01-31  2025-03-05  SEC filing
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https://www.sec.gov/Archives/edgar/data/1045810/000104581025000023/nvda-20250126.htm
https://www.sec.gov/Archives/edgar/data/320193/000032019325000079/aapl-20250927.htm
https://www.sec.gov/Archives/edgar/data/1652044/000165204426000018/goog-20251231.htm
https://www.sec.gov/Archives/edgar/data/789019/000095017025100235/msft-20250630.htm
https://www.sec.gov/Archives/edgar/data/1018724/000101872426000004/amzn-20251231.htm
https://www.sec.gov/Archives/edgar/data/1326801/000162828026003942/meta-20251231.htm
https://www.sec.gov/Archives/edgar/data/1318605/000162828026003952/tsla-20251231.htm
https://www.sec.gov/Archives/edgar/data/723125/000072312525000028/mu-20250828.htm
https://www.sec.gov/Archives/edgar/data/1065280/000106528026000034/nflx-20251231.htm
https://www.sec.gov/Archives/edgar/data/1341439/000095017025087926/orcl-20250531.htm
https://www.sec.gov/Archives/edgar/data/2488/000000248826000018/amd-20251227.htm
https://www.sec.gov/Archives/edgar/data/1321655/000132165526000011/pltr-20251231.htm
https://www.sec.gov/Archives/edgar/data/858877/000085887725000111/csco-20250726.htm
https://www.sec.gov/Archives/edgar/data/0000051143/000005114326000010/ibm-20251231.htm
https://www.sec.gov/Archives/edgar/data/1108524/000110852425000006/crm-20250131.htm

Table 18: Research papers used in the research corpus.

#  Title Year Venue Source
1 Advanced RAG Models with Graph Structures: Optimizing Complex Knowledge Reasoning and Text 2024 ISCEIC Paper
Generation
2 Answering Complex Open-Domain Questions with Multi-Hop Dense Retrieval 2021 ICLR Paper
3 Answering Complex Questions by Joining Multi-Document Evidence with Quasi Knowledge Graphs 2019 SIGIR Paper
4 AVIS: Autonomous Visual Information Seeking with Large Language Model Agent 2023 NeurIPS Paper
5 Boosting Language Models Reasoning with Chain-of-Knowledge Prompting 2024 ACL Paper
6 CancerKG.ORG: A Web-scale, Interactive, Verifiable Knowledge Graph-LLM Hybrid for Assisting with 2024 CIKM Paper
Optimal Cancer Treatment and Care
7 Chain-of-Knowledge: Grounding Large Language Models via Dynamic Knowledge Adapting over 2024 ICLR Paper
Heterogeneous Sources
8 CodexGraph: Bridging Large Language Models and Code Repositories via Code Graph Databases 2025 NAACL Paper
9 Complex Logical Reasoning over Knowledge Graphs using Large Language Models 2023 arXiv preprint Paper
10  Empowering Large Language Models to Set up a Knowledge Retrieval Indexer via Self-Learning 2024 arXiv preprint Paper
11 Enhancing Textbook Question Answering with Knowledge Graph-Augmented Large Language Models 2024 ACML Paper
12 Exploring Large Language Model for Graph Data Understanding in Online Job Recommendations 2024 AAAI Paper
13 From Local to Global: A Graph RAG Approach to Query-Focused Summarization 2024 arXiv preprint Paper
14 Generative Subgraph Retrieval for Knowledge Graph-Grounded Dialog Generation 2024 EMNLP Paper
15 Graph Chain-of-Thought: Augmenting Large Language Models by Reasoning on Graphs 2024 ACL Paper
16 GraphCoder: Enhancing Repository-Level Code Completion via Code Context Graph-Based Retrieval and 2024 arXiv preprint Paper
Large Language Models
17 GraphGPT: Graph Instruction Tuning for Large Language Models 2024 SIGIR Paper
18 Graph Neural Network Enhanced Retrieval for Question Answering of LLMs 2024 arXiv preprint Paper
19 Graph of Records: Boosting Retrieval Augmented Generation for Long-context Summarization with Graphs 2025 ACL Paper
20  GraphReader: Building Graph-based Agent to Enhance Long-Context Abilities of Large Language Models 2024 EMNLP Paper
21 G-Retriever: Retrieval-Augmented Generation for Textual Graph Understanding and Question Answering 2024 NeurIPS Paper
22 Knowledge Graph-Augmented Language Models for Knowledge-Grounded Dialogue Generation 2023 arXiv preprint Paper
23 Knowledge Graph Enhanced Retrieval-Augmented Generation for Failure Mode and Effects Analysis 2025 Journal of Paper
Industrial
Information
Integration
24 Knowledge Graph Prompting for Multi-Document Question Answering 2024 AAAI Paper
25  Knowledge Guided Text Retrieval and Reading for Open Domain Question Answering 2019 arXiv preprint Paper
26  KnowledGPT: Enhancing Large Language Models with Retrieval and Storage Access on Knowledge Bases 2023 arXiv preprint Paper
27  Language is All a Graph Needs 2024 EACL Paper
28  Large Language Models based Graph Convolution for Text-Attributed Networks 2024 OpenReview Paper
submission
29  LightRAG: Simple and Fast Retrieval-Augmented Generation 2025 EMNLP Paper
30 LLaGA: Large Language and Graph Assistant 2024 ICML Paper
31  Medical Graph RAG: Towards Safe Medical Large Language Model via Graph Retrieval-Augmented 2024 arXiv preprint Paper
Generation
32 MEG: Medical Knowledge-Augmented Large Language Models for Question Answering 2024 arXiv preprint Paper
33 Mitigating Large Language Model Hallucinations via Autonomous Knowledge Graph-based Retrofitting 2024 AAAI Paper
34 MuseGraph: Graph-oriented Instruction Tuning of Large Language Models for Generic Graph Mining 2024 arXiv preprint Paper
35  ProLLM: Protein Chain-of-Thoughts Enhanced LLM for Protein-Protein Interaction Prediction 2024 bioRxiv Paper
36  Reasoning on Graphs: Faithful and Interpretable Large Language Model Reasoning 2024 ICLR Paper
37  RHO: Reducing Hallucination in Open-domain Dialogues with Knowledge Grounding 2023 ACL Paper
38  RiTeK: A Dataset for Large Language Models Complex Reasoning over Textual Knowledge Graphs 2024 arXiv preprint Paper
39 RuleRAG: Rule-Guided Retrieval-Augmented Generation with Language Models for Question Answering 2024 arXiv preprint Paper
40  SayPlan: Grounding Large Language Models using 3D Scene Graphs for Scalable Robot Task Planning 2023 CoRL Paper
41 Simple is Effective: The Roles of Graphs and Large Language Models in Knowledge-Graph-Based 2025 ICLR Paper
Retrieval-Augmented Generation
42 StructRAG: Boosting Knowledge Intensive Reasoning of LLMs via Inference-Time Hybrid Information 2025 ICLR Paper
Structurization
43 Structure Pretraining and Prompt Tuning for Knowledge Graph Transfer 2023 Www Paper
44 Think-on-Graph: Deep and Responsible Reasoning of Large Language Model on Knowledge Graph 2024 ICLR Paper
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https://arxiv.org/abs/2411.03572
https://arxiv.org/abs/2009.12756
https://dl.acm.org/doi/10.1145/3331184.3331252
https://openreview.net/forum?id=7EMphtUgCI
https://aclanthology.org/2024.acl-long.271/
https://arxiv.org/abs/2501.00223
https://openreview.net/forum?id=cPgh4gWZlz
https://aclanthology.org/2025.naacl-long.7/
https://arxiv.org/abs/2305.01157
https://arxiv.org/abs/2405.16933
https://openreview.net/forum?id=ATiIqCCqR2
https://dl.acm.org/doi/10.1609/aaai.v38i8.28769
https://arxiv.org/abs/2404.16130
https://arxiv.org/abs/2410.09350
https://aclanthology.org/2024.findings-acl.11/
https://arxiv.org/abs/2406.07003
https://dl.acm.org/doi/10.1145/3626772.3657775
https://arxiv.org/abs/2406.06572
https://aclanthology.org/2025.acl-long.1159/
https://aclanthology.org/2024.findings-emnlp.746/
https://openreview.net/forum?id=MPJ3oXtTZl
https://arxiv.org/abs/2305.18846
https://doi.org/10.1016/j.jii.2025.100807
https://dl.acm.org/doi/10.1609/aaai.v38i17.29889
https://arxiv.org/abs/1911.03868
https://arxiv.org/abs/2308.11761
https://aclanthology.org/2024.findings-eacl.132/
https://openreview.net/forum?id=x5FfUvsLIE
https://aclanthology.org/2025.findings-emnlp.568/
https://arxiv.org/abs/2402.08170
https://arxiv.org/abs/2408.04187
https://arxiv.org/abs/2411.03883
https://dl.acm.org/doi/10.1609/aaai.v38i16.29770
https://arxiv.org/abs/2403.04780
https://openreview.net/forum?id=2nTzomzjjb
https://openreview.net/forum?id=ZGNWW7xZ6Q
https://aclanthology.org/2023.findings-acl.275/
https://arxiv.org/abs/2410.13987
https://arxiv.org/abs/2410.22353
https://proceedings.mlr.press/v229/rana23a.html
https://openreview.net/forum?id=JvkuZZ04O7
https://openreview.net/forum?id=GhexuBLxbO
https://dl.acm.org/doi/abs/10.1145/3543507.3583301
https://openreview.net/forum?id=nnVO1PvbTv

