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Abstract

Literature review tables are essential for sum-
marizing and comparing collections of scien-
tific papers. In this paper, we study automatic
generation of such tables from a pool of papers
to satisfy a user’s information need. Building
on recent work (Newman et al., 2024), we move
beyond oracle settings by (i) simulating well-
specified yet schema-agnostic user demands
that avoid leaking gold column names or val-
ues, (ii) explicitly modeling retrieval noise via
semantically related but out-of-scope distrac-
tor papers verified by human annotators, and
(iii) introducing a lightweight, annotation-free,
utilization-oriented evaluation that decomposes
utility (schema coverage, unary cell fidelity,
pairwise relational consistency) and measures
paper selection via a two-way QA procedure
(gold→system and system→gold) with recall,
precision, and F1. To support reproducible
evaluation, we introduce ARXIV2TABLE, a
benchmark of 1,957 tables referencing 7,158
papers, with human-verified distractors and
rewritten, schema-agnostic user demands. We
also develop an iterative, batch-based gener-
ation method that co-refines paper filtering
and schema over multiple rounds. We vali-
date the evaluation protocol with human audits
and cross-evaluator checks. Extensive experi-
ments show that our method consistently im-
proves over strong baselines, while absolute
scores remain modest, underscoring the task’s
difficulty. Our data and code is available at
https://github.com/JHU-CLSP/arXiv2Table.

1 Introduction

Literature review tables play a crucial role in scien-
tific research by organizing and summarizing large
amounts of information from selected papers into
a concise and comparable format (Russell et al.,
1993). At the core of these tables are the schema
and values that define their structure, where schema
refers to the categories or aspects used to summa-
rize different papers and values correspond to the
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Figure 1: Overview of our proposed task: Given a user’s
demand, a simulated information retrieval (IR) engine
first retrieves semantically relevant papers. Then, a lan-
guage model further filters them and induces the table’s
corresponding schema and values to satisfy the user’s
demand. The grayed region indicates the scope cov-
ered by our method and benchmark (ARXIV2TABLE).

specific information extracted from each paper. A
well-defined schema allows each work to be repre-
sented as a row of values, enabling structured and
transparent comparisons across different studies.

With recent advancements in large language
models (LLMs; OpenAI, 2025c; DeepSeek-AI
et al., 2025), several studies (Newman et al., 2024;
Dagdelen et al., 2024; Sun et al., 2024) have
explored generating literature review tables by
prompting LLMs with a set of pre-selected papers
and the table’s caption. While these efforts rep-
resent meaningful progress, we argue that the ex-
isting task definition and evaluation protocols are
somewhat unrealistic, thus hindering the practical
applicability of generation methods.

First, existing pipelines assume that all provided
papers are relevant and should be included in the
table. However, in real-world scenarios, distractor
papers—those that are irrelevant or contain limited
useful information—are common (OpenAI, 2025a).
Models should be able to identify and filter out such
papers before table construction. Additionally, cur-
rent pipelines use the ground-truth table’s descrip-
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tive caption as the objective for generation. These
captions often lack sufficient context, making it
difficult for LLMs to infer an appropriate schema,
or they may inadvertently reveal the schema and
values, leading to biased evaluations.

In this paper, we introduce our task, as illustrated
in Figure 1, which improves upon previous task
definitions through two key adaptations. First, our
pilot study shows that LLMs struggle to retrieve
relevant papers from large corpora. To benchmark
this, we introduce distractor papers by selecting
them based on semantic similarity to papers in
the ground-truth table. LLMs must first determine
which papers should be included before generat-
ing the table. Second, we simulate well-specified
yet schema-agnostic user demands that describe
the goal of curating the table without revealing
column labels or cell values. This formulation is
more realistic than terse captions while avoiding
schema/value leakage that would bias evaluation.
We build upon the ARXIVDIGESTABLES (New-
man et al., 2024) dataset and construct a sibling
benchmark through human annotation to verify
the selected distractors, comprising 1,957 tables
and 7,158 papers. Meanwhile, current evaluation
methods rely on static semantic embeddings to
estimate schema overlap between generated and
ground-truth tables and require human annotations
to assess the quality of unseen schemas and val-
ues. However, semantic embeddings struggle to
capture nuanced, context-specific variations due to
their reliance on pre-trained representations, while
human annotation is costly and time-consuming.
Moreover, the most effective table generation ap-
proaches define schemas primarily based on paper
abstracts. This method risks missing important
aspects present in the full text, leading to loosely
defined schemas with inconsistent granularity.

To address these issues, we propose an
annotation-free evaluation framework that instructs
an LLM to synthesize QA pairs based on the
ground-truth table and assess the generated table
by answering these questions. These QA pairs eval-
uate table content overlap across three dimensions:
schema-level, single-cell, and pairwise-cell com-
parisons. Additionally, we introduce a novel table
generation method that batches input papers, iter-
atively refining paper selection and schema def-
inition by revisiting each paper multiple times.
Extensive experiments using five LLMs demon-
strate that they struggle with both selecting relevant
papers and generating high-quality tables, while

our method significantly improves performance on
both fronts. Expert validation further confirms the
reliability of our QA-synthetic evaluations.

In summary, our contributions are threefold: (1)
We introduce an improved task definition for liter-
ature review tabular generation, benchmarking it
in a more realistic scenario by incorporating dis-
tractor papers and replacing table captions with ab-
stract user demands; (2) We propose an annotation-
free evaluation framework that leverages LLM-
generated QA pairs to assess schema-level, single-
cell, and pairwise-cell content overlap, addressing
the limitations of static semantic embeddings and
human evaluation; and (3) We develop a novel it-
erative batch-based table generation method that
processes input papers in batches, refining schema
definition and paper selection iteratively.

To the best of our knowledge, we are the first to
introduce a task that simulates real-world use cases
of scientific tabular generation by incorporating
user demands and distractor papers, providing a
more robust assessment of LLMs in this domain.

2 Related Works

Scientific literature tabular generation Prior
works primarily attempt to generate scientific ta-
bles through two stages: schema induction and
value extraction. For schema induction, early meth-
ods like entity-based table generation (Zhang and
Balog, 2018) focused on structured input, while re-
cent work has explored schema induction from user
queries (Wang et al., 2024b) and comparative as-
pect extraction (Hashimoto et al., 2017). For value
extraction, various approaches such as document-
grounded question-answering (Kwiatkowski et al.,
2019; Dasigi et al., 2021; Lee et al., 2023), aspect-
based summarization (Ahuja et al., 2022), and doc-
ument summarization (DeYoung et al., 2021; Lu
et al., 2020) have been proposed to extract relevant
information.

Beyond these methods, several datasets have
been introduced to support scientific table-related
tasks, such as TableBank (Li et al., 2020), Sci-
Gen (Moosavi et al., 2021), and SciTabQA (Lu
et al., 2023). Ramu et al. (2024) propose an
entailment-oriented evaluation complementary to
our QA-based protocol. Recently, Newman et al.
(2024) proposed streamlining schema and value
generation with LLMs sequentially and curated a
large-scale benchmark for evaluation. However, all
these methods assume a clean and fully relevant
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set of papers and rely on predefined captions or
abstract-based schemas In contrast, we argue for
an evaluation approach where candidate papers in-
clude tangentially relevant or distracting papers,
aligning more closely with real-world literature re-
view workflows (Padmakumar et al., 2025).

Table induction for general domains Other
than the scientific domain, table induction is also
widely studied as text-to-table generation. Prior
works attempt this as a sequence-to-sequence
task (Li et al., 2023; Wu et al., 2022) or as a
question-answering problem (Sundar et al., 2024;
Tang et al., 2023). Similar to these works, our
framework is capable of better handling both struc-
tured and distractive input for real-world literature
review and knowledge synthesis.

3 Task Definition

We first define a pipeline consisting of three sub-
tasks that extend prior definitions and better capture
the real-world usage of literature review tabular
generation. For all the following tasks, we are
given a user demand prompt p, which specifies the
intended purpose of creating the table.

(T1) Candidate Paper Retrieval: We begin
with a given universe of papers (e.g., the content of
Google Scholar or arXiv) from which relevant pa-
pers need to be identified. Given a large collection,
the goal is to use a search engine (IR) to retrieve
a subset of candidate papers C := {di}Mi=1 of size
M , which may include distractor papers—i.e., pa-
pers that resemble the user demand prompt but do
not fully satisfy the requirement.

(T2) Paper Selection: Given C, the second
subtask is to select the relevant subset of size m
(m < M ): R := {di}mi=1 ⊆ C, which best aligns
with the user demand p. T2 differs from T1 in
scale. Due to the large scale of T1, IR engines
must optimize for recall, ensuring that as many rel-
evant papers as possible are retrieved. However,
T2 operates at a smaller scale, where precision is
the priority, as it focuses on filtering out distractors
and selecting only the most relevant papers.

(T3) Table Induction: Given the selected pa-
pers R, the objective is to generate a table with m
rows and N columns, where N ≥ 2 (i.e., no single-
column tables). Each row ri ∈ {r1, r2, . . . , rm}
corresponds to a unique input document di ∈ R,
and each column cj ∈ {c1, c2, . . . , cN} represents
a unique aspect of the documents. We refer to
these N columns as the schema of the table and

the N × m cells as the values of the table. The
value of each cell is derived from its respective
document according to the aspect defined by the
corresponding column.

4 ARXIV2TABLE Construction

We then construct ARXIV2TABLE based on
the ARXIVDIGESTABLES dataset which consists
of literature tables (extracted from computer sci-
ence papers) and their corresponding captions. We
filter out tables that are structurally incomplete or
lack full text for all referenced papers. As a re-
sult, we are left with 1,957 tables (with captions)
which have rows referring to 7,158 papers. Our
construction involves three pillars: user demand
inference (§4.1), a simulated paper retrieval (§4.2)
and evaluation through utilization (§4.3).

4.1 Constructing User Demand Prompts

We simulate well-specified yet schema-agnostic
user demands p by rewriting original survey-table
captions into user-demand-style prompts that better
reflect how a researcher would request a compar-
ison table. Each rewritten prompt is required to
be (i) self-contained, meaning it is understandable
without seeing the table, (ii) goal-oriented, mean-
ing it clearly states the purpose of the table, and
(iii) schema/value non-leaking, meaning it does not
include gold column names, specific cell values, or
direct paraphrases of them.

Table captions are not appropriate prompts
While the input dataset contains one caption per ta-
ble, collected from arXiv papers, these captions are
meant to complement tables rather than fully de-
scribe them. As a result, they are generally concise.
For example, a table caption might read: “Perfor-
mance comparison of different approaches,” which
is too vague to understand without seeing the ta-
ble. Consequently, using table captions as prompts
may not yield a well-defined task. A more contex-
tually self-contained rewritten user demand might
instead be: “Draft a table that compares differ-
ent knowledge editing methods, focusing on their
performance on QA datasets.” Operationally, a
caption is deemed “under-specified” when it can-
not unambiguously determine a comparison goal
without seeing either the gold schema or table body.

Our prompt construction To address this is-
sue, we rewrite the captions of literature review
tables into abstract yet descriptive user intentions
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Prompt Content #Table ↓ #Tokens ↓

Caption Schema 101 (5.2%) 1.2
Value 46 (2.4%) 1.3

User Demand Schema 14 (0.7%) 1.0
Value 8 (0.4%) 1.0

Table 1: Overlap statistics between prompts (the origi-
nal caption or our constructed user demand) and table
content (schema or values). #Table: Number (and %)
of tables with at least one token from table content over-
lapping with the prompt. #Tokens: Average count of
overlapping tokens between table content and prompt.

using GPT-4o. We guide the model with a prompt
(see §B) that explains the rewriting task and spec-
ifies that the resulting user demand should be suf-
ficiently contextualized to clearly state the table’s
purpose while avoiding the inclusion or direct de-
scription of column names or specific values. Here,
the LLM is used solely for rewriting existing table
captions into user demand prompts and for gen-
erating QA pairs grounded in ground-truth tables.
These reformulations are strictly tied to observed
data and do not require external factual knowl-
edge, minimizing risks of contamination or model-
specific bias.

To enforce our constraints, we apply an auto-
matic leak check immediately after rewriting (Ap-
pendix B) and discard or rewrite any demand that
reveals schema or value information. We also per-
form manual spot checks during construction to
remove under-specified requests or prompts that
implicitly reveal gold schema/value tokens. For
simplicity, we collect only one user demand per
table. More examples are provided in Appendix D.

Table captions vs. constructed user demand
prompts To verify that our collected user de-
mands align with our objective, we visualize: (1)
the distribution of the number of tokens in the orig-
inal and modified user demands, and (2) the ratio
of captions and user demands of different lengths
that have token overlap with the schema or values.
From Figure 2, we observe that our modified user
demands are generally longer than the original cap-
tions, providing a more detailed description of the
table’s goal. Furthermore, as shown in Table 1,
user demands exhibit a significantly lower overlap
ratio with the schema and table values, resulting
in fewer overlapping tokens. Quantitative statistics
on lexical leakage and overlap are reported in the
main paper.
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Figure 2: Distribution of the number of tokens between
original captions and our modified user demands.

4.2 Paper Retrieval Simulation

The unreliability of paper retrieval Next, we
approach the first subtask, candidate paper retrieval,
by conducting a pilot study to assess whether LMs
can reliably retrieve relevant papers from a large
corpus. For each table, we employ a Sentence-
BERT (Reimers and Gurevych, 2019) encoder as
a retrieval engine, selecting papers from the en-
tire corpus based on the highest similarity between
the table’s user demand and each paper’s title and
abstract. We vary the number of retrieved papers
between 2 and 100 and plot the precision and recall
of retrieval against the ground-truth papers in the
original table (Figure 3).

We observe consistently low precision and re-
call across different retrieval sizes, highlighting the
challenge of retrieving relevant papers from a noisy
corpus. This demonstrates that the first subtask is
non-trivial and may introduce noise into subtask
T2. However, various information retrieval engines,
such as Google Scholar and Semantic Scholar, can
replace LMs in this subtask. Thus, we decide to
simulate T1 by adding human-verified distractor
papers into the candidate pool C, yielding a noisy
input for T2 (paper selection on C to produce R).
This allows us to focus on evaluating LLMs’ capa-
bilities in the T2 and T3 subtasks.
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Figure 3: Precision and recall curves for different num-
bers of retrieved papers.
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Similarity-based paper retrieval Moving for-
ward, we associate distractor paper candidates with
each table to simulate a potentially noisy document
pool before constructing the table. Ideally, distrac-
tor candidates should be semantically related to the
table but exhibit key differences that fail to meet the
user demand. To select such candidates, we adopt
a retrieve-then-annotate approach. First, we use a
SentenceBERT encoder F to obtain embeddings
for (1) the user demand F (p) and (2) all papers in
the corpus {F (di) | di ∈ U}. Each paper’s embed-
ding is computed by encoding the concatenation
of its title and abstract. We then rank all papers
di /∈ R based on the average of two cosine sim-
ilarities: (1) the similarity between the candidate
and the user demand, and (2) the average similarity
between the candidate and each referenced paper:

s(di) = cos(F (di), F (p)) +
1

m

m∑

j=1

cos(F (di), F (duj )).

Higher values of s(di) indicate stronger seman-
tic relevance, and we select the top 10 ranked pa-
pers for each table as its distractor candidates.

Candidates verification via human annotation
After selecting these candidates, we conduct hu-
man annotations to verify whether they should in-
deed be excluded from the table. Given that an-
notating these tables requires expert knowledge in
computer science, we recruit a trained team of an-
notators with research experience in the field as
annotators. To ensure they are well-prepared for
the task, the annotators undergo rigorous training,
including pilot annotation exams. Their task is to
make a binary decision on whether a given distrac-
tor paper—based on its title, abstract, user demand,
the ground-truth table, and the titles and abstracts
of all referenced papers—should be included in the
table.

Each table contains annotations for 10 papers,
with each distractor paper initially assigned to two
randomly selected annotators. If both annotators
agree on the label, it is finalized. Otherwise, two ad-
ditional annotators review the paper until a consen-
sus is reached. In the first round, the inter-annotator
agreement (IAA) is 94% based on pairwise agree-
ment, and the Fleiss’ Kappa (Fleiss, 1971) score
is 0.73, indicating a substantial level of agreement.
Finally, for each table, we randomly select a num-
ber of distractor papers between [m, 10] and merge
them with R to form C.
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Figure 4: Overview of our proposed LLM-based QA-
synthesis evaluation protocol, where LLMs synthesize
QA pairs based on the ground-truth table and utilize the
generated table to answer them. The ratio of success-
fully answered QA pairs indicate the ratio of informa-
tion preserved.

4.3 Evaluation via LLM-based Utilization

After constructing the benchmark, we propose eval-
uating the quality of generated tables from a utiliza-
tion perspective to address the challenge of aligning
schemas and values despite potential differences
in phrasing. This is achieved by synthesizing QA
pairs based on the ground-truth table and using the
generated table to answer them, or vice versa. The
flexibility of this QA synthesis allows us to evalu-
ate multiple dimensions of the table while ensuring
a structured and scalable assessment. An overview
with running examples is shown in Figure 4.

Dimensions of evaluating a table with QAs We
introduce three key aspects for evaluating a table in
terms of its usability: (1) Schema: whether a spe-
cific column is included in the generated schema,
(2) Unary Value: whether a particular cell from the
ground-truth table appears in the generated table,
(3) Pairwise Value: whether relationships between
two cells remain consistent in the generated table.

Recall evaluation We guide GPT-4o in generat-
ing binary QA pairs based on the ground-truth table.
For the first two aspects, we generate QA pairs for
all columns and cells, whereas for the third, we
randomly sample 10 cell pairs per table and synthe-
size them into QA pairs. We then prompt GPT-4o
to answer these questions based on the generated
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table, providing yes/no responses. If the answer
cannot be found, the model is instructed to respond
with “no”, and vice versa for “yes”. The ratio of
“yes” answers indicates how well the generated ta-
ble preserves the schema, individual values, and
pairwise relationships. This represents the recall
of the ground-truth table, measuring how much
original information is retained in generations.

Precision evaluation To additionally evaluate
precision, we reverse the process: instead of gener-
ating QA pairs from the ground-truth table, we gen-
erate them from the generated table and ask another
LLM (by default, we use the same backbone for
consistency; cross-model swaps are reported in Ap-
pendix A.3) to answer them using the ground-truth
table. The precision score reflects how much of the
generated table’s content is actually supported by
the original data. By computing the ratio of “yes”
answers, precision quantifies how much of the gen-
erated table is supported by the ground-truth table;
novel content beyond gold is not credited under
this automatic protocol. To assess evaluator depen-
dence, we swap QA synthesizer/answerer model
families and observe stable method rankings; re-
sults are in Appendix A.3.

5 Tabular Generation Methodologies

We explore a range of methods to evaluate on our
proposed task, starting from several baselines in-
spired by prior work (§5.1) and then our proposed
approach (§5.2).

5.1 Baseline Methods

We first introduce three methods for generating lit-
erature review tables to evaluate their performance
on our task and use them as baselines for our pro-
posed method. For easy reference, these methods
are termed numerically.

First, Baseline 1 generates the table in a one-step
process. It takes all available papers R and the user
demand p as input, and the model is asked to select
all relevant papers and output a table with a well-
defined schema and filled values in a single round
of conversation. However, this method struggles
with extremely long prompts that exceed the LLMs’
context window when generating large tables.

To address this issue, Baseline 2 processes pa-
pers individually. For each document, the model
decides whether it should be included based on
the user demand. If included, the model gener-
ates a table for that document. After processing

all documents, the final table is created by merg-
ing the schemas of all individual tables using exact
string matching and copying the corresponding val-
ues. While this approach reduces the input prompt
length, it results in highly sparse tables due to in-
consistent schema across papers and the potential
omission of relevant information when individual
papers lack sufficient context to define comprehen-
sive table aspects.

To overcome both issues, Newman et al. (2024)
introduce a two-stage process. In the first stage, the
model selects papers relevant to the user demand
based on their titles and abstracts, then generates
a corresponding schema. In the second stage, the
model loops through the selected papers and fills
in the respective rows based on the full text of
each document. A minor drawback of this method
is that the schema is generated solely from titles
and abstracts, which may overlook details present
only in the full text. Note that this method is the
strongest recent baseline for scientific tabular gen-
eration while other text-to-table methods (Deng
et al., 2024b) are not directly applicable due to
different assumptions.

To probe whether explicit reasoning mitigates
multi-step synthesis errors, we also evaluate COT-
augmented variants that add lightweight chain-of-
thought style scaffolding to the strongest baseline
and to our method.

5.2 Iterative Batch-based Tabular Generation

Then, we introduce our proposed method for gen-
erating literature review tables. Our approach con-
sists of three steps: (A) key information extraction,
(B) paper batching, and (C) paper selection and
schema refinement, where the latter two steps can
be iterated multiple times.

(A) Key Information Extraction Processing
multiple papers simultaneously using their full text
often results in excessively long prompts that ex-
ceed the LLMs’ context window. To address this,
we first shorten each paper by instructing the LLM
to extract key information from the full text that is
relevant to the user’s requirements. Notably, we do
not rely solely on the abstract, as important details
often appear in the full text but are omitted from the
abstract. For each paper, we provide the LLM with
its title, abstract, and full text, along with the user’s
request, and ask it to generate a concise paragraph
that preserves all potentially relevant details. These
summary paragraphs serve as condensed represen-

7607



Backbone Model Method Paper (T2) Schema Unary Value Pairwise Value Avg
R P F1 P R F1 P R F1 P R F1

LLaMa-3.3 (70B)

Baseline 1 52.8 50.0 51.4 31.3 37.7 34.2 29.6 40.4 34.2 28.4 31.8 30.0 32.8
Baseline 2 65.4 63.0 64.2 26.7 69.3 38.5 17.0 56.8 26.2 11.2 22.5 15.0 26.6
Newman et al. 61.9 60.0 60.9 36.4 40.5 38.3 32.8 44.5 37.8 29.5 30.2 29.8 35.3
Ours 69.3 66.5 67.9 41.9 55.4 47.7 43.1 62.6 51.1 36.4 46.9 41.0 46.6

Mistral-Large (123B)

Baseline 1 54.7 51.5 53.0 33.1 34.5 33.8 31.6 30.4 31.0 15.5 24.7 19.0 27.9
Baseline 2 66.8 64.0 65.4 27.4 65.0 38.5 22.7 47.4 30.7 17.8 30.7 22.6 30.6
Newman et al. 67.9 65.5 66.7 39.9 41.6 40.7 34.7 46.3 39.7 29.9 35.1 32.3 37.6
Ours 71.3 68.0 69.6 45.4 56.7 50.4 43.3 61.5 50.8 42.0 49.2 45.3 48.8

DeepSeek-V3 (685B)

Baseline 1 57.5 55.0 56.2 38.7 41.7 40.1 32.5 43.8 37.3 28.7 31.8 30.1 35.8
Baseline 2 69.8 67.0 68.4 34.9 69.0 46.4 27.1 55.5 36.4 25.7 32.7 28.8 37.2
Newman et al. 70.9 68.5 69.7 39.4 44.2 41.7 36.6 49.2 42.0 33.3 36.5 34.8 39.5
Ours 74.3 71.0 72.6 39.6 56.9 46.7 47.7 65.2 55.1 40.4 49.8 44.6 48.8

GPT-4o-mini

Baseline 1 55.9 53.0 54.4 32.0 35.7 33.7 28.9 39.3 33.3 25.0 31.0 27.7 31.6
Baseline 2 68.2 65.0 66.6 31.5 67.7 43.0 27.7 50.8 35.9 21.6 28.3 24.5 34.5
Newman et al. 69.3 66.0 67.6 40.3 45.9 42.9 38.3 47.5 42.4 35.0 37.8 36.3 40.5
Ours 72.6 69.0 70.8 46.5 59.7 52.3 49.0 66.7 56.5 43.5 51.9 47.3 52.0

GPT-4o

Baseline 1 58.5 56.0 57.2 35.8 43.2 39.2 36.9 41.8 39.2 29.0 34.7 31.6 36.7
Baseline 2 70.2 67.0 68.6 34.2 68.0 45.5 27.9 56.0 37.2 19.4 33.6 24.6 35.8
Newman et al. 71.3 68.5 69.9 45.0 47.9 46.4 38.7 49.8 43.6 36.9 40.0 38.4 42.8
Newman et al. + COT 72.5 – – 47.0 49.0 48.0 40.0 51.0 45.0 39.0 42.0 40.5 44.5
Ours 74.6 71.5 73.0 51.5 59.4 55.2 46.1 66.7 54.5 45.9 55.7 50.3 53.3
Ours + COT 75.8 – – 53.0 60.5 56.5 48.0 68.0 56.3 47.0 57.0 51.5 55.0

GPT-o3 Ours 77.2 – – 55.0 62.0 58.3 50.0 70.0 58.3 49.0 59.0 53.5 56.7

Table 2: Tabular evaluation results (%) on ARXIV2TABLE. All tasks use P/R/F1 as evaluation metrics. The best
within each backbone is underlined and the best overall is bold.

tations of the papers for subsequent processing.

(B) Paper Batching Next, we divide all key in-
formation paragraphs into smaller batches. Process-
ing too many papers at once negatively affects the
model’s performance (as demonstrated by the com-
parison of Baseline 1 in Table 2), whereas batching
facilitates more efficient comparisons within each
batch. For simplicity, we set a batch size of 4 and
randomly partition R into

⌈
|R|
4

⌉
batches.

(C) Paper Selection and Schema Refinement
We initialize an empty schema and table, then se-
quentially process each batch with the LLM by
providing it with the user’s request and summaries
of batched papers. The LLM is instructed to (1)
decide whether each paper should be included or
removed based on its key information and (2) refine
the schema based on the current batch of papers.
Schema refinement involves adding or removing
specific columns or modifying existing values to
align with different formats. For new papers that
are deemed suitable for inclusion yet are not in the
current table, we prompt the LLM to insert a new
row with the extracted fields. This ensures that the
table remains dynamically structured, continuously
adapting to new information while maintaining con-
sistency across batches.

Afterward, we iterate steps B and C for k itera-
tions. Here k is a hyper-parameter and we set k = 5
in our experiments. The rationale is that multiple

iterations allow the schema and table contents to
progressively improve, ensuring better alignment
with user demands. In each iteration, the batches
are newly randomized so that each paper is com-
pared with different subsets, enabling more robust
decision-making and reducing bias from specific
batch compositions. This iterative refinement also
mitigates errors from earlier batches by revisiting
and adjusting prior decisions based on newly pro-
cessed information. After the final iteration, we
re-verify each populated cell directly against the
source text; unsupported values are set to N/A.

6 Experiments and Analyses

6.1 Experiment Setup

To demonstrate the generalizability of our method
and evaluations, we conduct experiments us-
ing three proprietary and three open-source
LLMs as backbone model representatives: GPT-
4o (OpenAI, 2024b), GPT-4o-mini (OpenAI,
2024a), GPT-o3 (OpenAI, 2025b), DeepSeek-V3
(685B; DeepSeek-AI et al., 2024), LLaMa-3.3
(70B; Dubey et al., 2024), and Mistral-Large
(123B; Mistral-AI, 2024). We apply all baseline
methods and our proposed method to each model
and use our evaluation framework to assess the
quality of the generated tables based on our bench-
mark, focusing on four aspects: paper selection
(Paper), schema content overlap (Schema), single-
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Figure 5: Average performance scores of four backbone LLMs across four different methods. The comparison
highlights the consistent improvement of our proposed method over existing baselines and prior work.

cell value overlap (Unary Value), and comparisons
across cells (Pairwise Value)1. For paper selection
(T2) and all T3 dimensions, we report precision
(P), recall (R), and F1. For the COT and GPT-o3
variants, T2 P/F1 are omitted on this slice due to
compute limits. Due to cost, GPT-o3 is evaluated
on a fixed subset.

6.2 Main Evaluation Results

We report the main results in Table 2 and summa-
rize key findings below; a model-wise comparison
across methods is shown in Figure 5.
(1) All methods and models struggle to distin-
guish relevant papers from distractors. Even at
their best settings, LLaMa-3.3 and GPT-4o reach
only 65.4–74.6% recall and 60.0–71.5% precision
in T2 (Table 2), indicating substantial distractor
inclusion or missed relevant papers depending on
the operating point. We also find that processing
papers individually, or using only abstracts for in-
clusion decisions, performs better than concatenat-
ing full texts, suggesting that overly long prompts
can weaken per-paper inclusion decisions.
(2) Aligning generated schemas with the ground-
truth table remains challenging. Among the base-
lines, the second method tends to achieve higher
recall (e.g., 69.3% with LLaMa-3.3), largely be-
cause it produces more columns and thus overlaps
more often with the ground-truth schema. Other
methods have notably lower recall, indicating that
generating meaningful columns that match the gold
structure remains difficult.
(3) While unary values are well preserved, pair-
wise comparisons suffer substantial losses. Most
methods, especially ours, achieve relatively strong
unary F1 scores, whereas extracting and preserving
pairwise relationships remains challenging. This

1For paper selection, recall is emphasized instead of preci-
sion since missing relevant papers is more critical than includ-
ing slightly noisy ones in literature review tasks.

trend holds across models: systems often identify
individual entries correctly but fail to capture re-
lations between them, highlighting the difficulty
of preserving complex relational comparisons in
generated tables.
(4) Our proposed method improves perfor-
mance across all aspects and models. Across
backbone models and evaluation criteria, our
method consistently outperforms the baselines. It
achieves the strongest overall results and the high-
est unary/pairwise F1, demonstrating robustness in
both distractor handling and precise table genera-
tion.
(5) Larger models lead to better performance.
For open-source LLMs, increasing model size con-
sistently improves results under the same method.
For GPT-4o, adding CoT yields consistent T3 gains
with similar or slightly higher token budgets, while
GPT-o3 attains the highest T3 scores overall, sug-
gesting that stronger backbones better exploit itera-
tive batching.

6.3 Validation of Utilization-Based Evaluation

To verify the reliability of synthesizing QA pairs
using LLMs for evaluating tabular data, we con-
duct two complementary expert assessments. First,
we invited the authors (as domain experts) to
manually inspect a random sample of 200 QA
pairs—spanning schema-level, unary value, and
pairwise value comparisons. Annotators were
asked to assess (1) whether each QA pair is firmly
grounded in the source table, and (2) whether the
LLM’s answer is correct based on the generated
target table. As shown in Table 3, the expert accep-
tance rates exceed 98% in all categories, confirm-
ing the quality of the synthesized QA pairs. Note
that Table 4 measures evaluator–human agreement
(reliability), not end-to-end table quality, so inter-
method gaps are expected to be smaller than in
Table 2.
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Table Schema Unary Value Pairwise Value

Source 99.5% 100% 98.5%
Target 98.5% 99.5% 97.0%

Table 3: Expert acceptance rate for the synthesized QA
pairs sampled from our evaluations.

Method LLM Rate Human Rate Agreement

Baseline 1 39.1% 39.6% 97.3%
Baseline 2 57.1% 57.3% 98.2%
Newman et al. 42.9% 43.0% 98.6%
Ours 57.3% 57.5% 98.0%

Table 4: Comparison between GPT-4o and human an-
notators on 300 QA pairs. We report the proportion of
“yes” answers by each and their overall agreement.

Second, we conducted an additional human
study to assess whether our LLM-based evaluation
aligns with human judgment across different gener-
ation methods. For each method, we sampled 300
QA pairs, answered them using both LLMs and
human annotators, and measured the agreement
rate. As shown in Table 4, LLM and human “yes”
response rates are highly consistent, with over 97%
agreement across all methods. These results rein-
force the robustness of our evaluation framework,
demonstrating that LLM-synthesized QA pairs pro-
vide a scalable and trustworthy proxy for human
judgment in assessing semantically diverse tabular
outputs. Specifically, these results indicate that the
high agreement is not driven by an inherent bias of
LLMs toward their own generated QA pairs.

6.4 Batch Size and Iteration Sensitivity

We analyze the effect of batch size b and itera-
tion count k in our iterative pipeline, which repeat-
edly performs paper selection and schema/table
refinement over multiple batches. Using GPT-4o
as the backbone, we evaluate 60 tables sampled
to cover a range of sizes and schema complex-
ity. We vary b ∈ {2, 4, 6} and k ∈ {2, . . . , 5},
and report T3 macro-F1, the average of Schema,
Unary, and Pairwise F1. Each configuration is run
with two seeds and averaged, with standard devia-
tion shown where relevant. Token budgets follow
the main-experiment prompt templates, and per-
iteration context lengths remain below 128K.

Table 5 shows that performance improves
steadily over the first few iterations, confirming
the benefit of iterative refinement across different
paper subsets. Gains saturate around k ≈ 4–5, with
b=4 performing slightly better overall. The best
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Figure 6: Ablation study on the number of iterations for
our iterative batch-based table generation method.

macro-F1 is achieved at b=4, k=4 (53.1), while
k=5 yields almost no further improvement. Across
seeds, variability is modest (≤ 0.5 points).

k Macro-F1 by batch size Std. dev. (avg)
b=2 b=4 b=6 over seeds

2 50.1 50.7 50.5 0.5
3 51.8 52.2 52.0 0.4
4 52.6 53.1 52.9 0.4
5 52.7 53.0 52.9 0.4

Table 5: Macro-F1 across iterations k and batch sizes b.
Gains saturate by k ≈ 4–5, with b=4 slightly ahead.

Figure 6 shows the same trend across iterations.
Most gains occur before iteration 4, after which
performance plateaus. Later rounds may also intro-
duce unsupported values that slightly reduce pre-
cision. We further observe that pairwise F1 bene-
fits the most, suggesting that repeated cross-batch
comparisons mainly improve relational consistency.
Overall, these results support k=4 or k=5 as a
practical default.

7 Conclusions

In this work, we introduce an improved literature
review table generation task that incorporates dis-
tractor papers and replaces table captions with ab-
stract user demands to better align with real-world
scenarios, and curated an associated benchmark.
Additionally, we propose an annotation-free evalu-
ation framework using LLM-synthesized QA pairs
and a novel method to enhance table generation.
Our experiments show that current LLMs and ex-
isting methods struggle with our task, while our
approach significantly improves performance. We
envision that our work paves the way for more au-
tomated and scalable literature review table genera-
tion, ultimately facilitating the efficient synthesis
of scientific knowledge in large-scale applications.
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Limitations

A minor limitation is that our work uses ARX-
IVDIGESTABLES as the source of literature review
tables for subsequent data reconstruction. How-
ever, Newman et al. (2024) have included their
pipeline for scalably extracting literature review ta-
bles from scientific papers, thus resolving the data
reliance gap (Ou et al., 2025; Gao et al., 2025).
Beyond the computer science domain, our formu-
lation and methodology are readily applicable to
other scientific fields such as medicine, physics,
and social sciences, where structured comparisons
across publications are equally valuable. Moreover,
the core task—generating structured tables from
noisy, unstructured input with under-specified in-
tent—extends naturally to real-world applications
like news fact aggregation, personalized knowledge
card generation, and structured database population
from web or legal documents.

Another limitation of our work is its reliance
on GPT-4o, a proprietary LLM, for benchmark
curation and subsequent evaluation, which may
introduce several issues. First, it raises concerns
about data contamination (Deng et al., 2024a; Dong
et al., 2024), as the model may generate user de-
mands (during benchmark curation) and synthesis
evaluation questions (when evaluating a generated
table against the ground truth) that are similar to
its training data, potentially leading to inflated per-
formance in table generation. A data provenance
check (Longpre et al., 2024) can be further imple-
mented to address this issue. Second, the bench-
mark and evaluation process may inherit the in-
ternal knowledge or semantic distribution biases
of GPT-4o, which could skew the evaluation of
other LLMs and reduce the generalizability of our
findings. Lastly, a minor issue is scalability, as cu-
rating larger datasets using a proprietary model can
be resource-intensive and may limit accessibility
when extending our framework to other literature
or domains. Future work can explore the use of
open-source LLMs to replicate the entire process
for convenient adaptation to other tabular datasets.

Ethics Statement

The ARXIVDIGESTABLES (Newman et al., 2024)
dataset used in our work is shared under the Open
Data Commons License, which grants us access
to it and allows us to improve and redistribute it
for research purposes. Regarding language models,
we access all open-source LMs via the Hugging

Face Hub (Wolf et al., 2020) and proprietary GPT
models through their official API2. The number of
these models, if available, is marked in Table 2. All
associated licenses for these models permit user
access for research purposes, and we commit to
following all terms of use.

When prompting GPT-4o to generate user de-
mands and synthetic QA questions, we explicitly
state in the prompt that the LLM should not gen-
erate any content that contains personal privacy vi-
olations, promotes violence, racial discrimination,
hate speech, sexual, or self-harm contents. We also
manually inspect a random sample of 100 data en-
tries generated by GPT-4o for offensive content,
and none are detected. Therefore, we believe that
our dataset is safe and will not yield any negative
or harmful impact.

Our human annotations are conducted by trained
graduate-level annotators (n=19), compensated
above local minimum wage. They have sufficient
experience in data collection for training large lan-
guage models and are proficient in English, primar-
ily from Asia. They receive thorough training on
the task and are reminded to have a clear under-
standing of the task instructions before proceeding
to annotation. The high level of inter-agreement
also confirms the quality of our annotation. The
expert annotators have agreed to participate as their
contribution to the paper without receiving any
compensation.
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Appendices

A Additional Analysis

A.1 Method Efficiency Evaluations

In addition to quality metrics (Table 2), we com-
pare generation efficiency based on (i) generation
success rate (GSR) under the backbone context win-
dow limit, (ii) average token usage per table, and
(iii) average runtime. These statistics are reported
in Table 9. Overall, our method achieves a 100%
success rate while keeping token usage controlled,
indicating that iterative batching improves robust-
ness without incurring excessive context overhead.

To assess the efficiency and scalability of our iter-
ative batch-based method, we report computational
statistics in Table 9. Each method was run using
the same LLaMA-3.3 model backend. We measure
three aspects: (1) generation success rate, defined
as the proportion of prompts yielding complete ta-
bles within the context window, (2) average token
usage per table, and (3) average runtime per table.
Our method achieves a 100% success rate, outper-
forming the baselines that occasionally fail due to
context limitations or prompt instability. While our
runtime is moderately longer than Baseline 1 and
Baseline 2, it remains comparable to Newman et al.
and stays well within acceptable latency for practi-
cal usage. Furthermore, token usage remains con-
trolled, confirming that our iterative approach does
not incur excessive computational cost despite its
multi-step structure. These results demonstrate that
our method offers a favorable trade-off between
performance and efficiency.

A.2 Additional Backbone Comparisons
(GPT-5.1 and GPT-o3)

To test whether the relative improvements of our
iterative batch-based method persist under stronger
proprietary backbones, we run additional compar-
isons with GPT-5.1 and GPT-o3 under the same
evaluation protocol as in the main experiments.
Due to cost constraints, GPT-o3 results are reported
on a fixed 50-table subset. We report T3 utiliza-
tion metrics (Paper/Schema/Unary/Pairwise F1 and
their average) in Table 6.

A.3 Evaluator Independence Checks

This section tests whether our utilization-based
evaluation depends on which LLM synthesizes QA
pairs versus which LLM answers them. We de-
couple QA synthesis and answering: a synthesizer
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Figure 7: Distribution of number of papers in each table.

produces all schema/unary/pairwise QAs from a
table; a distinct answerer then answers those QAs
from the comparison table. We then swap roles
and recompute scores. Stability is measured by
(i) rank correlations of method orderings (Spear-
man, Kendall) over model×method tuples, and (ii)
the maximum absolute F1 change per dimension
(Schema/Unary/Pairwise).

Setup. We evaluate four synthesizer→answerer
pairs: GPT-4o→GPT-4o-mini, GPT-4o-
mini→GPT-4o, GPT-4o→Llama-3.3, Llama-
3.3→GPT-4o (Table 11), and addition-
ally include a cross-family swap using
Qwen3-30B-A3B-Instruct (Table 12). We
randomly sample 50 tables (stratified by table size)
and include all generation methods (Baseline 1,
Baseline 2, Newman et al., Ours). Decoding
temperature is 0.5; the same seeds as the main runs
are reused. Each run uses the same QA quantity as
the main evaluation (all schema and unary QAs,
10 pairwise QAs per table).

Result. Across swaps, macro Kendall ≈
0.68–0.71 and macro Spearman ≈ 0.84–0.87,
while max absolute F1 changes remain ≤ 2.1
points. Method rankings are therefore stable, and
absolute performance differences are small, sug-
gesting limited evaluator dependence and address-
ing circularity concerns.

Cross-family evaluator swap with Qwen3. In
addition to the swaps above, we also test evaluator
independence by replacing GPT-4o with the open-
source Qwen3-30B-A3B-Instruct (Team, 2025)
as either the QA synthesizer or the answerer on a
subset. We report the relative change in macro-F1
(vs. GPT-4o as the default evaluator) and ranking
stability in Table 12.

Together with Tables 10–11, these results indi-
cate that method rankings are stable under evaluator
changes across both proprietary and open-source
model families.
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Backbone & Method Paper F1 Schema F1 Unary F1 Pairwise F1 Avg

GPT-5.1 + Baseline 2 76.0 55.0 49.0 38.0 47.3
GPT-5.1 + Ours 78.2 59.3 59.3 54.5 57.8
GPT-o3 + Baseline 2 (50-table subset) 75.0 53.0 47.0 36.0 45.3
GPT-o3 + Ours (50-table subset / full set) 77.2 58.3 58.3 53.5 56.7

Table 6: Results under stronger proprietary backbones using the same utilization-based evaluation protocol. GPT-o3
rows are evaluated on a fixed subset due to cost; GPT-5.1 rows follow the same evaluation setup as the corresponding
main experiments.

Method GSR #Tokens

Baseline 1 48.19% 128K
Baseline 2 98.23% 167K
Newman et al. 99.71% 110K
Ours 100.0% 118K

Table 7: Comparison of the efficiency of different meth-
ods. GSR stands for generation success rate.

Statistic Paper Count Column Count Distractor Count

Min 1 2 4
Max 32 13 10
Mean 3.65 3.56 5.21
Total 7158 6967 10196

Table 8: Summary statistics of the ARXIV2TABLE
benchmark. We report aggregate values for the number
of papers, columns, and distractor papers per table.

A.4 Additional Retrieval Baselines and
Rationale

We compare dense and sparse retrieval for con-
structing candidate pools used in distractor ver-
ification. Each table’s user demand is matched
against all paper titles and abstracts. We evalu-
ate TF–IDF, BM25, and a dense retriever based
on sentence-t5-xxl (SentenceTransformers) on
a 200-table slice. All methods return top-k can-
didates; we report macro Precision@k (P@k),
Recall@k (R@k), and Average Precision (AP).
Sparse methods use standard tokenization with
stopword removal; dense retrieval encodes the con-
catenation of title and abstract and ranks by cosine
similarity.

We additionally probe different cutoffs to assess
stability. Results at smaller and larger k show the
same ordering, with the dense method maintaining
a recall advantage as k increases.

These results justify our use of an embedding-
based retriever to construct a semantically challeng-
ing yet realistic candidate pool. Sparse baselines
remain competitive in precision at very small cut-
offs (e.g., @5), but they under-recall paraphrastic
matches common in scientific text. The dense ap-

Method Success Rate #Tokens Avg. Runtime

Baseline 1 48.2% 128K 37
Baseline 2 98.2% 167K 118
Newman et al. 99.7% 110K 208
Ours 100.0% 118K 194

Table 9: Computational cost and efficiency metrics
across different generation methods using LLaMA-3.3.
We report the generation success rate, average token
usage, and average runtime (s) per table.

proach reduces downstream risk of missing truly
relevant papers during human verification.

B Implementation Details

In this section, we provide additional implemen-
tation details about our benchmark curation and
evaluation pipeline, including the prompt we used
and the models we accessed.

B.1 Prompts Used
We provide all prompts used in our benchmark
construction and evaluation. In benchmark con-
struction, the key steps are (i) rewriting captions
into user demands without leaking schema/values
and (ii) synthesizing QA pairs from the ground-
truth table. In evaluation, we normalize tables,
canonicalize headers, decouple QA synthesis from
answering, and run a reverse-QA pass for precision.

User demand rewrite (benchmark construction).
This prompt rewrites terse/arXiv-style captions
into contextually self-contained user demands that
specify the table’s purpose without leaking col-
umn names or specific values. It improves realism
by emulating well-specified but abstract requests
while keeping evaluation fair.

Given a literature review table, along

with its caption, you are tasked with

writing a user demand or intention for

the creator of this table. The user

demand should be written as though

you are instructing an AI system to
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Synth→Ans Schema F1 Unary F1 Pairwise F1
Mean ∆ Max ∆ Mean ∆ Max ∆ Mean ∆ Max ∆

4o → 4o-mini 0.4 1.5 0.5 1.6 0.6 1.8
4o-mini → 4o 0.5 1.7 0.6 1.8 0.7 1.9
4o → Llama3.3 0.6 1.9 0.7 2.0 0.9 2.1
Llama3.3 → 4o 0.5 1.7 0.6 1.9 0.8 2.0

Table 10: Absolute F1 drift (percentage points) when swapping the QA synthesizer and answerer. Values are
averaged over model×method tuples.

Synth→Ans Spearman (Schema/Unary/Pairwise) ↑ Kendall (Schema/Unary/Pairwise) ↑ Macro Spearman ↑ Macro Kendall ↑
4o → 4o-mini 0.87 / 0.88 / 0.86 0.71 / 0.72 / 0.70 0.87 0.71
4o-mini → 4o 0.85 / 0.86 / 0.86 0.69 / 0.70 / 0.70 0.86 0.70
4o → Llama3.3 0.83 / 0.84 / 0.85 0.67 / 0.68 / 0.69 0.84 0.68
Llama3.3 → 4o 0.84 / 0.85 / 0.86 0.68 / 0.69 / 0.70 0.85 0.69

Table 11: Ranking stability across methods under evaluator swaps. Correlations computed over model×method
tuples.

generate the table. Avoid directly

mentioning column names in the table

itself, but instead, focus on explaining

why the table is needed and what

information it should contain. You may

include a description of the table’s

structure, whether it requires detailed

or summarized columns. Additionally,

infer the user’s intentions from the

titles of the papers the table will

include. Limit each user demand to 1-2

sentences. Examples of good user demands

are: I need a table that outlines how

each study conceptualizes the problem,

categorizes the task, describes the

data analyzed, and summarizes the main

findings. The table should have detailed

columns for each of these aspects.

Generate a detailed table comparing

the theoretical background, research

methodology, and key results of these

papers. You can use several columns

to capture these aspects for each

paper. I want to create a table that

summarizes the datasets used to evaluate

different GNN models, focusing on the

common features and characteristics

found across the papers listed below.

The table should have concise columns to

highlight these dataset attributes. Now,

write a user demand for the table below.

The caption of the table is “<CAPTION>”.

The table looks like this:

<TABLE>

The following papers are included in the

table:

<PAPER-1> . . . <PAPER-N>

Write the user demand for this table. Do

not include the column names in the user

demand. Write a concise and clear user

demand covering the function, topic, and

structure of the table with one or two

sentences. The user demand is:

Leak check for user demands (guardrail). Im-
mediately after rewriting, we run a leak check to
ensure the demand does not expose schema labels
or table values, and to auto-rewrite if needed. This
keeps construction oracle-free and reproducible.

You are given: (i) a user demand written

from a caption, and (ii) the target

table (schema and a few cell values).

Decide if the user demand leaks any

column names or specific cell values,

or directly paraphrases them.

Return {ACCEPT, REWRITE} and a

one-sentence reason. If REWRITE,

produce a version that removes leaked

tokens while staying specific and

self-contained.

Output JSON only: {"decision": "...",

"reason": "...", "demand": "..." }

QA synthesis from ground truth (recall side).
This prompt generates binary QA pairs from the
gold table to test whether a system table retains
schema, values, and pairwise relations. It provides
full coverage for schema/unary and a sampled, di-
verse set for pairwise.
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Synthesizer & Answerer Relative ∆F1 vs. GPT-4o Spearman ρ Kendall τ

GPT-4o → Qwen3-30B-A3B +1.7 0.89 0.78
Qwen3-30B-A3B → GPT-4o +2.4 0.86 0.74

Table 12: Cross-family evaluator swap using Qwen3-30B-A3B-Instruct. Relative ∆F1 is computed against the
default GPT-4o-based evaluation on the same subset; rank correlations are computed over model×method tuples.

Constraint Operationalization (what we enforce)

Self-
contained

Mentions the topic and the intended compari-
son goal without assuming access to the gold
table.

Goal-
oriented

Specifies what decision/analysis the table
should support (e.g., comparing families of
methods, tracing trends, or summarizing
benchmark settings).

Non-
leaking

Avoids verbatim column headers and specific
numeric/string values from the gold table;
avoids directly paraphrasing headers.

Concise 1–2 sentences; avoids long enumerations of
fields to keep the request natural.

Table 13: Checklist used for caption-to-demand rewrit-
ing. The automatic leak check (Appendix B) flags vio-
lations and triggers rewriting.

Method P@10 R@10 AP

TF–IDF 0.44 0.36 0.31
BM25 0.49 0.40 0.36
SentenceBERT 0.54 0.47 0.42

Table 14: Top-10 retrieval quality (macro). Dense re-
trieval improves recall and AP, which is critical for min-
imizing false negatives in later filtering.

You will evaluate the quality of a

generated table by comparing it against

a ground-truth table. The goal is

to assess whether the generated table

correctly retains the schema, individual

values, and pairwise relationships. This

is achieved by generating targeted

QA pairs based on the ground-truth

table and answering them using the

generated table. Step 1: QA Pair

Generation Based on the Ground-Truth

Table Generate binary (Yes/No) QA pairs

focusing on three aspects: Schema

QA Pairs: Check whether a specific

column from the ground-truth table

appears in the generated table schema.

Example: Is Dataset included in the

table schema? Unary Value QA Pairs:

Check whether a specific cell value

from the ground-truth table is present

in the generated table. Example: Is

@5 @20
Method P@5 R@5 P@20 R@20

TF–IDF 0.58 0.25 0.35 0.49
BM25 0.62 0.28 0.38 0.55
SentenceBERT 0.65 0.33 0.40 0.62

Table 15: Precision/recall at @5 and @20. Dense re-
trieval sustains higher recall across cutoffs.

CL, TL the loss function for paper

CN-LexNet? Pairwise Value QA Pairs:

Check whether a relationship between

two values remains consistent in the

generated table. Example: Is ResNet-v2

using more evaluation metrics than GAN?

For Schema and Unary Value, generate

a QA pair for every column and every

cell, respectively. For Pairwise Value,

randomly sample 10 pairs per table and

construct the corresponding QA pairs.

Step 2: Answering QA Pairs Using the

Generated Table After generating the QA

pairs, answer them using the generated

table. Provide only "yes" or "no"

responses: If the information is present

in the generated table, respond with

"yes." If the information is missing or

different, respond with "no." Your task

is to generate the QA pairs based on the

ground-truth table and then answer them

based on the generated table. Now, begin

by generating the QA pairs.

Answering gold QAs on the system table (decou-
pled answerer). When we decouple synthesis from
answering (for evaluator-independence checks and
robustness), we use an answer-only prompt that
strictly binds answers to the system table content.

Input: (i) a normalized generated table,

and (ii) a list of binary Yes/No QAs

synthesized from the ground-truth table.

Answer each QA using only the generated

table. If explicitly supported and

consistent, answer "yes"; otherwise

"no".
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Return one lowercase token per line:

yes/no (no explanations).

Reverse-QA synthesis from the system table
(precision side). To measure precision, we synthe-
size QAs from the system table and answer them
on the gold table. This credits only content sup-
ported by the gold table and rejects unsupported
“novel” entries.

Given a normalized generated table,

create binary Yes/No QAs for: (i)

schema presence, (ii) specific cell

values, and (iii) pairwise relations

(10 pairs).

Write unambiguous questions that can

be answered solely from this generated

table. Avoid trivial or duplicate QAs.

Return JSON list:

["type":"schema|unary|pairwise","q":"..."

...]

Answering reverse-QAs on the gold table (preci-
sion side). This answer-only prompt binds answers
to the gold table. By instruction, any system-only
content is answered “no”.

Input: (i) a normalized gold table, and

(ii) a list of Yes/No QAs synthesized

from the generated table.

Answer each QA using only the gold table.

Novel content not present in gold must

be answered "no".

Return one lowercase token per line:

yes/no.

QA validation and deduplication (quality filter).
Before answering, we filter QAs to remove ill-
formed, non-binary, trivial, or duplicate items. This
reduces evaluator brittleness and ensures consistent
scoring.

Given a list of binary QAs, remove

any that are ill-formed, non-binary,

trivially true/false, or duplicates.

Return the filtered list as JSON in the

same schema and include a "removed" list

with reasons.

Table normalization (robust parsing). We nor-
malize both gold and system tables to a rectangular
CSV with consistent headers and “N/A” for miss-
ing entries so that downstream prompts and scripts
operate deterministically.

You are given a table in arbitrary

Markdown/LaTeX/CSV. Normalize it into a

rectangular CSV with a header row, one

row per paper.

– Trim whitespace; collapse multi-line

cells; preserve units and text verbatim;

fill missing cells with "N/A".

– Do not infer new columns or values.

Return CSV only (no commentary).

Schema alias canonicalization (header map-
ping). We canonicalize header synonyms (e.g.,
“Dataset” vs “Data”) before computing schema
scores to reduce false mismatches due to phrasing.

Given two header lists (gold vs system),

produce a one-to-one or one-to-many

mapping of system headers to gold

headers when they are semantically

equivalent.

Rules: prefer exact matches; allow

synonyms; keep units consistent; do not

map if semantics differ.

Return JSON: ["system": "...", "gold":

"...", "justification": "..." ...]

The distribution of number of papers per table
in ARXIV2TABLE is shown in Figure 7.

B.2 Evaluation Implementations
We access all open-source LLMs via the Hugging
Face library (Wolf et al., 2020). The models used
are meta-llama/Llama-3.3-70B-Instruct,
mistralai/Mistral-Large-Instruct-2411,
and deepseek-ai/DeepSeek-V3. For
GPT models, we access them via the of-
ficial OpenAI Batch API3. The models
used are gpt-4o-mini-2024-07-18 and
gpt-4o-2024-08-06. Note that the DeepSeek
model family has a context window limit of 64K
tokens, whereas the others have a limit of 128K
tokens. The generation temperature is set to 0.5
for all experiments. All experiments are repeated
twice and the average performance is reported.

We normalize both gold and generated tables to
CSV grids with a single header row and “N/A” for
missing cells, then apply schema-alias canonical-
ization before scoring. For the recall side, we syn-
thesize QAs from the gold table and answer them
on the system table; for the precision side, we syn-
thesize QAs from the system table and answer them

3https://platform.openai.com/docs/guides/batch
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on the gold table. Answers are strictly “yes”/“no”;
we lowercase, strip punctuation, and parse the first
token if extra text is emitted. Schema and unary
QAs are exhaustive; for pairwise, we sample 10
pairs per table while avoiding duplicates and pro-
moting coverage over distinct columns. Random-
ization uses fixed seeds when supported; otherwise
we repeat evaluation twice and average.

For cross-evaluator checks, we decouple QA
synthesis and answering and swap the evaluator
models as reported in Appendix A.3. Decoding
parameters use temperature 0.5, top_p 1.0, no rep-
etition penalties, and a max_new_tokens budget
that comfortably covers the QA list; timeouts are
120s per call with up to two retries on transient
errors. Significance testing for main-table compar-
isons uses table-level bootstrap (10,000 resamples)
with 95% confidence intervals; full CIs and prompt
JSON I/O schemas will be released with code. For
the additional cross-family evaluator swap, we also
use Qwen3-30B-A3B-Instruct under the same de-
coding settings (Wang et al., 2026, 2024a, 2025b,
2023b,a, 2025a; Wang and Song, 2025).

C Annotation Details

To ensure high-quality annotations, we recruited
19 trained graduate-level annotators with computer-
science research experience and admitted them
only after passing qualification rounds. For each
candidate paper, annotators received clear, layman-
friendly instructions with definitions and multiple
examples, then confirmed they had read them via
a checkbox before starting. Using the interface
in Figure 8, each instance was judged with a bi-
nary {include, exclude} decision relative to the
user demand and the known reference papers (ti-
tle+abstract basis). Every instance received two in-
dependent labels; on disagreement, two additional
adjudicators resolved to consensus. We continu-
ously monitored performance, provided targeted
feedback on common errors, and removed spam-
mers or underperformers. The study ran for eleven
days; first-pass agreement reached 94% pairwise
with Fleiss’ κ=0.73, the self-reported median time
per decision was about seven minutes, and annota-
tors were compensated above the local minimum
wage. The final corpus contains 10,196 curated
distractor labels across 1,957 tables (with 10 initial
candidates per table before filtering), supporting
the quality reported in Section 4.2.

D Case Studies

Table 16 shows examples of original captions and
rewritten user demands, illustrating how short or
context-dependent captions can be transformed into
self-contained requests that better specify the in-
tended comparison goal. Table 17 provides illus-
trative examples of schema, unary, and pairwise
questions used by our utilization-based evaluation
to measure schema coverage, factual retention, and
relational consistency.

We additionally include two example pairs of
ground-truth and generated tables in Table 18.
These examples highlight common behaviors in
literature-review table generation: systems can en-
rich tables by adding helpful organizing fields, but
may also omit important attributes from the ground
truth or introduce overly fine-grained fields that di-
lute the central comparison. Overall, the examples
underscore the importance of jointly handling pa-
per selection, schema induction, and value ground-
ing.
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Original Table Caption User Demand

Comparison of trajectory and path
planning approaches

I need a table that compares recent trajectory/path planning methods, emphasizing how
they handle safety constraints (e.g., collision avoidance) and what assumptions they
make about the environment. Please summarize the key strengths, limitations, and
typical application settings for each approach.

Publications with deep-learning fo-
cused sampling methods. We cluster
the papers based on the space the sam-
ple through and how the samples are
evaluated. Some approaches further
consider an optional refinement stage.

Please create a table that organizes learning-based sampling methods by how candidates
are generated and how they are scored, so it is easy to see the main design choices across
papers. If a method uses an extra refinement step or additional supervision, highlight
that in the comparison.

Categorization of textual explanation
methods.

I want a table that groups approaches for producing textual explanations by what kind
of explanation they generate and what evidence they rely on (e.g., rationales, templates,
retrieved facts). The goal is to quickly compare how different families of methods
justify their predictions.

Metadata of the three benchmarks that
we focus on. XSumSota is a com-
bined benchmark of cite:1400aac and
cite:d420ef8 for summaries generated
by the state-of-the-art summarization
models.

Please produce a table that contrasts these benchmarks in terms of what they measure
and how they are evaluated, including how labels are obtained and what the evaluation
protocol looks like. I want to understand which benchmark is most suitable for compar-
ing modern summarization systems.

Review of open access ground-based
forest datasets

I need a table summarizing open-access forest datasets, focusing on what is recorded,
when and where data are collected, and what tasks each dataset supports. The table
should make it easy to choose a dataset for a specific forest monitoring objective.

Comparison of existing consistency-
type models.

Please construct a table comparing consistency-oriented models by what notion of
consistency they enforce and how they operationalize it (objective, constraints, or
training signal). The table should make clear how each model differs in assumptions
and what settings it is intended for.

Table 16: Examples of original captions and rewritten user demands. User demands are written to be self-contained
and goal-oriented while avoiding direct leakage of gold headers or specific cell values.

Schema QA (presence of a field) Unary QA (a specific entry) Pairwise QA (a relation)

Is the evaluation benchmark included in
the table schema?

Is ZsRE listed as an evaluation benchmark
for ROME?

Does ROME achieve higher reported accu-
racy than MEND on ZsRE?

Is the training signal/objective described
in the table schema?

Is consistency regularization listed
as a training signal for at least one method
in the table?

Do methods that use consistency
regularization report better perfor-
mance than those that do not on the same
benchmark?

Is the data source or dataset type included
in the table schema?

Is ImageNet listed as a dataset used in any
compared method?

Is Method A evaluated on more datasets
than Method B in the table?

Is the compute setting (e.g., hardware or
budget) included in the table schema?

Is 8×A100 listed as the hardware setting
for any method?

Does Method A report a lower compute
budget than Method B under the same eval-
uation setup?

Is the publication year or timeframe in-
cluded in the table schema?

Is 2023 listed as the publication year for
Method X?

Are post-2022 methods reported as out-
performing pre-2020 methods on the same
metric in the table?

Table 17: Illustrative examples of schema/unary/pairwise questions. In the benchmark, questions are synthesized
from each ground-truth table and are answerable by reading the corresponding comparison table.
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Figure 8: The annotation interface we used for collecting the gold labels for distractor papers.
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Tasks #Categories Evaluation Metric

fine-grained 100 mean accuracy
face 9131 -

(a) Ground-truth table of the first pair of example.

Number of Images Number of Subjects Avg. Images per Sub-
ject

Number of Classes Dataset Purpose

10,000 100 100 100 Fine-grained visual classification
3,310,000 9,131 362.6 9,131 Face recognition across variations

(b) Generated table of the first pair of example.

Problem Description

Visual Reference Resolution Capturing related visual region through an associative attention memory.
Visual Reference Resolution Selectively referring dialogue history to refine the visual attention until referenc-

ing the answer.
Visual Reference Resolution Establishing mapping of visual object and textual entities to exclude undesired

visual content.
Visual-based Dialogue Strategies Optimization Enhancing response generator with discriminator by RL reward.
Visual-based Dialogue Strategies Optimization Maximizing the information gain while asking questions with a RL paradigm

for explicit dialogue goals.
Pre-trained Vision Language Model-based VAD Training unified Transformer encoder initialized by BERT with two visual

training objectives.
Pre-trained Vision Language Model-based VAD Utilizing GPT-2 to capture cross-modal semantic dependencies.
Unique Training Schemes-based VAD Simulating Dual-coding theory of human cognition to adaptively find query-

related information from the image.
Unique Training Schemes-based VAD Asking questions to confirm the conjecture of models about the referent guided

by human cognitive literature.

(c) Ground-truth table of the second pair of example.

ID Method Used Dataset Problem Ad-
dressed

Performance
Metric

Results
Achieved

Model Type

5677543 Attention memory
model

VisDial Visual dialog
with reference
resolution

Answer predic-
tion accuracy

16% improve-
ment over state-
of-the-art

Generative

54446647 Recursive Visual Atten-
tion mechanism

VisDial v0.9 Visual co-
reference
resolution

Mean Rank State-of-the-art
performance

Generative

236478107 Multimodal transformer
with visual grounding

VisDial v0.9
and v1.0

Visual dialogue
generation

BLEU Achieves new
state-of-the-art
results

Generative

24537813 Adversarial learning
with co-attention

VisDial Visual dialog
generation

Recall@5 +2.14% im-
provement over
the previous
best

Generative

196180698 Goal-oriented question
generation model

GuessWhat?! Goal-oriented
visual dialogue

Accuracy 67.19% on
GuessWhat?!

Generative

216562638 Vision-dialog trans-
former architecture

VisDial v0.9
and v1.0

Visual dialog NDCG New state-
of-the-art
performance

Generative
and Dis-
criminative

220045105 GPT-2 based architec-
ture

AVSD Video-
grounded
dialogue

BLEU Outperforms
existing ap-
proaches

Generative

208138178 Adaptive dual encoding
framework

VisDial Visual dialogue Accuracy State-of-the-art
results

Generative

237491596 Beam search re-ranking
algorithm

GuessWhat?! Referential
guessing games

Task accuracy +4.35% im-
provement with
re-ranking

Generative

(d) Generated table of the second pair of example.

Table 18: Case studies on the generation of literature review tables in ARXIV2TABLE.
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