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Abstract

Multi-table fact-checking verifies claims whose
evidence is distributed across multiple tables
and connected through multi-hop reasoning.
This setting is challenging because claims may
contain chained or nested dependencies, ta-
ble retrieval is noisy, and retrieved evidence
must be selected and composed before a fi-
nal verdict can be made. We introduce two
multi-table fact verification testbeds, OTT-FV
and Hybrid-FV, and propose TRACE, a tree-
structured framework that connects claim de-
composition, evidence retrieval, and evidence
composition. TRACE represents each claim as
a dependency-aware semantic tree, retrieves lo-
cally relevant table evidence for each node, and
composes evidence-aware node representations
bottom-up to produce the final verdict. Exper-
iments on TabFact, OTT-FV, and Hybrid-FV
show that TRACE consistently improves over
strong baselines across multiple backbones un-
der both gold- and open-evidence settings. Fur-
ther analyses show that tree construction, node-
level retrieval, and bottom-up evidence compo-
sition all contribute to multi-table verification.'

1 Introduction

Many real-world claims require evidence from
more than one table. For example, verifying the
claim in Figure 1 requires checking a president’s
term in one table, retrieving his residence informa-
tion from another, and combining these pieces of
evidence to assess the full claim. Multi-table multi-
hop fact-checking studies this setting: the system
must use evidence distributed across multiple ta-
bles and reason over their connections to determine
whether a claim is supported or refuted.

Recent multi-hop fact-checking methods have
made progress by combining claim decomposition,
evidence retrieval, and reasoning over retrieved
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!Code and datasets are available at https: //github.com/
Senyi-Zhang/TRACE.
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COMPOSITE CLAIM

Nelson Mandela
became president of South Africa in 1994
and moved to Houghton in 2000.

v —y

REQUIRED TABLE 1 REQUIRED TABLE 2

South Africa Presidents Mandela Residences
by Year by Year

(.

Verifies presidency and year
Mandela - South Africa - 1994

Verifies residence and year
Mandela - Houghton - 2000

RETRIEVED DISTRACTOR

South Africa Presidential Locations
Topically related, but not useful for verifying either relation

Figure 1: A motivating example. Verifying one claim
may require combining evidence from multiple tables.

evidence (Wang et al., 2024; Pan et al., 2023b;
Chen et al., 2022). However, directly applying this
paradigm to multi-table fact-checking remains chal-
lenging. One difficulty lies in claim decomposition.
Multi-table claims often contain chained or nested
dependencies that cannot be easily flattened into
a set of independent subclaims. For example, the
claim “the capital of the European country with the
highest GDP is Paris” depends on an intermediate
entity, and treating it as several independent sub-
claims can either miss this dependency or introduce
redundant verification steps.

The difficulty continues after decomposition. Re-
trieving tabular evidence is fragile because tables
provide limited textual context and distribute infor-
mation across titles, headers, rows, columns, and
cells (Chen et al., 2020a, 2021). A query may there-
fore retrieve tables that are topically related but in-
sufficient for verifying a specific part of the claim.
Increasing the number of retrieved tables can im-
prove coverage, but it also introduces more noisy
or weakly relevant evidence. Even after retrieval,
the evidence must still be selected, combined, and
propagated across reasoning steps. Simply passing
a large set of tables to a verifier increases the bur-
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den on the model, while aggressive filtering may
discard local evidence that is crucial for the final
judgment. An effective system for multi-table fact-
checking therefore needs to preserve the structure
of the claim, retrieve evidence for its local com-
ponents, and compose the resulting evidence in a
controlled way.

Tree-structured representations offer distinct ad-
vantages in addressing these challenges. They pre-
serve nested semantic dependencies without flatten-
ing a claim into independent units, while individ-
ual tree nodes provide localized semantic units for
more focused evidence retrieval. The same struc-
ture also provides an explicit scaffold for compos-
ing evidence across dependent parts of the claim.

Building on these advantages, we introduce
TRACE, a multi-table fact-checking framework
that uses tree structure to explicitly connect claim
decomposition, evidence retrieval, and evidence
composition. TRACE first represents a claim as a
dependency-aware semantic tree, so that chained
or nested claims can be decomposed without losing
their intermediate dependencies. It then performs
node-level retrieval to gather locally relevant ta-
ble evidence for each semantic unit, improving
evidence coverage beyond a single global query.
Finally, TRACE composes evidence-aware node
representations bottom-up along the tree, allowing
the system to filter, organize, and combine local
evidence signals into a final verdict.

To systematically study this problem, we con-
struct two new multi-table fact verification testbeds,
OTT-FV and Hybrid-FV, derived from OTT-
QA (Chen et al., 2021) and HybridQA (Chen
et al., 2020b). OTT-FV and Hybrid-FV require sys-
tems to verify claims whose evidence is distributed
across multiple tables and connected through 2/3/4-
hop reasoning. They cover seven types of cross-
table logical patterns, including conjunction, chain-
ing, comparison, and aggregation, and provide both
gold-evidence and open-evidence settings for evalu-
ating controlled reasoning and end-to-end retrieval-
plus-verification.

Experiments on TabFact, OTT-FV, and Hybrid-
FV show that TRACE consistently improves over
strong baselines across multiple backbones under
both gold- and open-evidence settings. The gains
are especially meaningful in open-evidence set-
tings, where retrieval noise and missing evidence
make flat retrieve-then-verify pipelines less reliable.
Further analyses show that stronger tree construc-
tion improves both evidence retrieval and verifi-

cation, node-level retrieval expands evidence cov-
erage, and bottom-up composition helps convert
locally retrieved evidence into accurate final deci-
sions. Our contributions are summarized as follows.
(1) We construct two multi-table multi-hop fact-
checking testbeds, OTT-FV and Hybrid-FV, with
gold- and open-evidence settings for evaluating
controlled reasoning and retrieval-based verifica-
tion. (2) We propose TRACE, a tree-structured
framework that connects claim decomposition,
node-level table retrieval, and bottom-up evidence
composition. (3) We show that tree construction,
node-level retrieval, and explicit evidence compo-
sition consistently benefit multi-table verification
across datasets, backbones, and evidence settings.

2 Related Work

Fact-checking and claim decomposition. Fact-
checking studies whether natural-language claims
are supported by evidence, often requiring both
retrieval and reasoning (Thorne et al., 2018). Re-
cent systems improve verification by decomposing
complex claims into atomic facts, questions, rea-
soning steps, or executable programs (Pan et al.,
2023a; Xie et al., 2025; Pan et al., 2023b; Chen
et al., 2022). These methods show that decom-
position can guide search and make intermediate
reasoning more explicit. However, they are mainly
designed for textual evidence, web search, or tool-
based verification. Our work focuses on multi-table
fact-checking, where decomposition must also de-
fine table-level evidence-seeking units and preserve
dependencies for cross-table evidence composition.

Table and heterogeneous-evidence fact-checking.
Prior table fact-checking work mainly focuses on
single-table verification. TabFact (Chen et al.,
2020a) studies claim verification against a given
table, inspiring methods that linearize tables for
joint encoding (Dong and Smith, 2021; Herzig
et al., 2020) or model latent operations and struc-
tured execution (Chen et al., 2020a; Wang et al.,
2021). More recent work improves table verifi-
cation with stronger table-aware pretraining and
backbones (Gu et al., 2022). FEVEROUS (Aly
et al., 2021) studies verification over heterogeneous
Wikipedia evidence, including textual sentences
and table cells. These works highlight the impor-
tance of structured evidence, but do not directly
isolate the multi-table multi-hop setting where evi-
dence must be retrieved from multiple tables and
composed through structured reasoning.
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Reasoning over structured and unstructured ev-
idence. Multi-hop QA benchmarks such as Hy-
bridQA (Chen et al., 2020b) and OTT-QA (Chen
et al., 2021) require combining evidence across
structured and unstructured sources, but target
answer extraction rather than claim verification.
Other work introduces graph or tree structures for
verification and multi-hop reasoning (Zhong et al.,
2020; Zhou et al., 2019; Chen et al., 2025; Zou
et al., 2023; Barik et al., 2025). In particular, Tri-
fication (Barik et al., 2025) uses tree-structured
planning to organize LLM verification actions.
TRACE uses tree structure differently: each seman-
tic node drives table/row-level retrieval, obtains an
evidence-aware representation, and is composed
bottom-up for the final verdict.

3 Methodology

3.1 Task Definition and Notations

Following TabFact (Chen et al., 2020a), we study
multi-table multi-hop fact-checking as a binary
classification problem, though our model is gener-
alizable to more fine-grained classification when
other labels, e.g., not enough information, are avail-
able. Given a natural-language claim z and a cor-
pus of tables 7T, the goal is to predict a verdict
y € Y = {SUPPORTED, REFUTED}. We consider
two evaluation settings: Gold evidence, where rel-
evant evidence is provided; and Open evidence,
where a system must retrieve evidence from 7.

Our framework constructs a semantic tree struc-
ture for each claim and performs node-level re-
trieval, node encoding, and bottom-up composi-
tional reasoning. Let the semantic tree be G =
(V, E), where V is the set of nodes and FE is the
set of tree edges. Each node v € V is associated
with a node query ¢, produced during tree construc-
tion. For each node, we first retrieve a small set
of relevant tables F, and then rank rows within
them to obtain row-level evidence R,. Based on
the retrieved evidence, we compute an evidence-
aware node representation. Finally, we compose
node representations from leaves to the root to pre-
dict y. Figure 2 provides an overview of the model
architecture.

3.2 Semantic Tree Construction

Since a claim that needs multiple tables for verifi-
cation usually contains complex information, we
decompose it for fine-grained modeling. Given
a claim x, we first obtain a semantic parse and

normalize it into a free-structured semantic repre-
sentation G = (V, E). In this work, we mainly
use Abstract Meaning Representation (AMR)-style
semantic parses (Banarescu et al., 2013) for their
robustness and efficiency. Alternative tree construc-
tors, including dependency trees, simple rule-based
trees, and LLM-generated trees, are investigated in
Section 4.3.

Each node v € V corresponds to a semantically
coherent subclaim. We then derive the node query
@y directly from the normalized tree node by lightly
canonicalizing its surface form: we remove AMR-
specific markers and relation artifacts, and retain
only the core lexical content (typically a word or
short phrase) that best represents the node seman-
tics for retrieval.

3.3 Node-level Evidence Retrieval

In the Open setting, the system must retrieve ev-
idence from a large table corpus 7, where rele-
vant evidence may be scattered across multiple
tables. After constructing the semantic tree, we
perform retrieval independently for each node us-
ing its derived query ¢q,. Since node queries are
typically short and focused, while evidence is rep-
resented as structured tables, we employ a task-
specific SentenceBERT-based retriever (Reimers
and Gurevych, 2019), which is fine-tuned to better
align such semantic queries with serialized tabular
evidence.

Concretely, we linearize each candidate table
into a text sequence that preserves basic structural
cues, including the title, headers, and row content.
Formally, we represent each table as:

Title: <table title> || Header: <h; | ho
| ...> || Rows: <rowi> || <rows> || ...

Each row is linearized by concatenating its cell
values with a vertical bar (|). We truncate long
titles, headers, and row content when necessary so
that the serialized table fits within the retriever’s
maximum input length. For example, a table with
title NBA Finals, headers Year, Champion, Runner-
up, and two rows is serialized as:
Title: NBA Finals || Header: Year |

Champion | Runner-up || Rows: 2020 |
Lakers | Heat || 2021 | Bucks | Suns.

This linearization preserves key table structure
while remaining simple and efficient for dense re-
trieval.

To train the retriever, we use node queries de-
rived from the semantic tree as supervision on the
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SUPPORTED

Classification

—

Barack Obama, who was the
44th President of the United
States, was born in Hawaii.

<Table rows>

President of the United States

<Table rows>

[ Barack Obama, who was the 44th ]

[Barack Obama] <Table rows>

Retrieve and Encode

U.S. Presidents

the 44th President of
the United States

[ born in Hawaii ] <Table rows>

<Table rows>

Retrieve and Encode

Table Title

retrieve

&
l

1D Name Partv

44 |Barack Obama| pemocratic

lthe 44th President]

] retrieve
»|Headers

[ the United States

Figure 2: Overview of TRACE. We construct a semantic tree with node queries, retrieve evidence per node, encode
node queries and evidence, and compose representations bottom-up to make the final decision at the root.

query side, paired with annotated evidence tables
as positives. To improve discrimination among
closely related tables, we further sample hard neg-
atives from the same table family as the positive
tables. The retriever is then optimized to assign
higher similarity to relevant query—table pairs than
to irrelevant but confusable ones.

At inference time, we first retrieve tables by scor-
ing the node query against serialized tables:

s(qu, t) = sim(¢(gv), ¢(lin(t))), (1)

where ¢(-) denotes the fine-tuned SentenceBERT
encoder, lin(-) is the table linearization function,
and sim(+, -) is a similarity measure (e.g., cosine).
For each node v € V, we select the top-k scoring
tables:

EU = ftOp-k{S(Q’UJt) ‘ te T} (2)

k is a hyperparameter; empirically, we set k = 10.

We then perform a row-level reranking stage to
refine evidence at a finer granularity. For each node
v, we collect rows from the retrieved tables in F,,,
linearize each row together with its table context,
and score it against the same node query using the
same retriever. We retain the top-n rows as the final
node-level evidence:

Ry = fiopnis(qu, ) | 7 € R(Ey)}, 3)

where R(E,) denotes the set of candidate rows
from the retrieved tables. These top-ranked rows
are passed to the downstream node encoder. Em-
pirically, we set n = 10.

3.4 Evidence-aware Node Encoding

We encode each node together with its row-level ev-
idence using a pretrained LLM backbone encoder
fo(+). For node v, we first build an evidence con-
text ctx(R,) by linearizing the reranked rows in
R, and concatenating them in rank order. We then
form the encoder input with a fixed template that
combines the node query and its evidence context:

z, = Format(qy, ctx(Ry)), “)

where ctx(R,) denotes the serialized evidence con-
text constructed from the row-level evidence R,,
and Format(-, -) denotes a simple input templating
function that places the query and evidence into a
single sequence. We provide the exact serialization
and formatting template in Appendix C.2.

3.5 Bottom-up Compositional Reasoning

To perform multi-hop reasoning across nodes, we
aggregate node representations following a post-
order traversal from leaves to root. For a leaf node
v, we directly set its composed representation to its
evidence-aware representation, i.e., fLU = h,. Fora
non-leaf node v with children C(v), we compose its
own evidence-aware representation h,, with the set
of composed child representations {flc}cec(v). We
instantiate composition using PMA + FiLM (Lee
etal., 2019; Perez et al., 2018; de Vries et al., 2017),
where PMA provides a permutation-invariant pool-
ing operator for a variable-size set of child nodes,
and FiLM conditionally modulates the parent repre-
sentation based on the aggregated child summary.
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PMA over child nodes. We apply Pooling by
Multihead Attention (PMA) (Lee et al., 2019) to
summarize the child representations into a fixed-
size vector. Since different nodes may have
different numbers of children, PMA provides a
permutation-invariant way to aggregate a variable-
size set of subclaims. Concretely, given the child
set {flc}cec(v), we use a learnable seed vector s to
attend over the child representations:

u, = MHA <S7 {BC}cEC(’l})7 {flc}cec(v)> ’ (5)

where MHA (Q, K, V) denotes multi-head atten-
tion with query Q, keys K, and values V. We
use the resulting vector u,, € R¢ as the aggregated
summary of the child nodes.

FiLM modulation. We use Feature-wise Linear
Modulation (FiLM) (Perez et al., 2018; de Vries
et al., 2017) to condition the parent node on ag-
gregated child information. Specifically, given the
child summary u,, we predict a feature-wise scale
and shift:

A7v7 /31) = g(uv)> ’YU = 1 + tanh(AFYv%
(6)

where ¢(-) is an MLP (Multi-Layer Percep-

tron) (Bishop, 2006). We then modulate the parent

representation as

hU:’Yv@h’U—i_Bvu (7)

where ® denotes element-wise product. The repa-
rameterization v, = 1 4 tanh(A~,) keeps the
scaling centered around 1.

3.6 Root-level Prediction and Training

Let r be the root node. After bottom-up composi-
tion, we obtain h,. and predict the veracity by

p = softmax(Wh, + b), 7 = arg maf}{ Py,
ye

®)
where W and b are trainable parameters. Given
retrieved evidence, we jointly train the encoder,
composition modules, and classifier using cross-
entropy loss:

L=-> pylogp,. 9)
yey

4 Experiments

4.1 Experimental Setup

Task settings and datasets. We evaluate binary
tabular fact-checking with SUPPORTED and RE-
FUTED labels under two evidence settings. In the

Gold setting, the required tabular evidence is pro-
vided; in the Open setting, systems must first re-
trieve relevant tables from a large table corpus. We
report results on OTT-FV and Hybrid-FV, two
multi-table multi-hop fact-checking testbeds intro-
duced in this work, as well as TabFact (Chen
et al., 2020a), a widely used single-table bench-
mark whose open-evidence setting still requires
corpus-level table retrieval. Detailed dataset con-
struction and statistics are provided in Appendix A.

Baselines. We compare TRACE with represen-
tative baselines, including general backbones
(DeBERTa-v3 (He et al., 2023), Qwen3-8B (Qwen
Team, 2025)), table-oriented methods (PASTA (Gu
et al., 2022), Table-llama (Zhang et al., 2024)),
LLM-based fact-checkers (Factcheck-GPT (Wang
et al., 2024), DCUF (Hu et al., 2022)), and indus-
trial LLMs (GPT-5.4 (OpenAl, 2026), Gemini-
2.5-pro (Gemini Team, Google, 2025)). We fur-
ther instantiate TRACE with different backbones to
evaluate its adaptability. Additional discussion on
baseline selection is provided in Appendix E.1.

Metrics. Following prior work on table-based
and evidence-grounded fact verification (Chen
et al., 2020a), we report Accuracy and Macro-
F1. For evidence retrieval, we additionally report
evidence coverage metrics (Zheng et al., 2024).

4.2 Main Results and Analyses

Overall results. Table 1 reports verification re-
sults. In the more realistic Open setting, the best-
performing TRACE variants achieve the strongest
results across all three benchmarks. The gains
are especially clear on OTT-FV and Hybrid-FV,
where evidence is distributed across multiple ta-
bles and verification requires multi-hop evidence
composition. These results support our central mo-
tivation that multi-table fact-checking benefits from
explicitly structuring both evidence retrieval and
evidence composition.

In the Gold setting, where the evidence space is
constrained, TRACE remains competitive: its best
configurations achieve the strongest results on Tab-
Fact and OTT-FV, whereas industrial LLM verifiers
retain an advantage on Hybrid-FV. These results
indicate that the two evidence settings emphasize
different capabilities. When gold evidence is pro-
vided, performance depends more heavily on veri-
fier capacity and table modeling; in the Open set-
ting, structured retrieval and cross-table evidence
composition become more important.
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Model TabFact OTT-FV Hybrid-FV
Gold Open Gold Open Gold Open

DeBERTa-v3 86.1/85.4 78.8/77.9 | 67.4/66.2 62.5/61.7 | 56.2/56.3 53.7/53.1
Qwen3-8B 86.7/86.0 80.5/79.6 | 68.2/67.1 64.6/63.8 | 60.1/60.1 53.3/54.2
PASTA 89.4/87.7 78.5/77.6 | 70.1/69.0 62.8/61.9 | 58.2/56.2 54.1/56.8
Table-llama 87.5/86.6  80.8/79.9 | 69.0/67.9 65.0/64.1 | 51.2/50.3 53.5/52.6
DCUF 86.1/85.2 82.7/81.9 | 64.7/63.6 63.1/62.2 | 56.1/55.0 50.8/49.9
Factcheck-GPT 82.0/81.3 80.6/79.8 | 74.6/73.8 68.3/67.5 | 63.3/64.2 56.4/55.5
GPT-5.4 87.4/86.4 81.0/81.3 | 74.2/73.5 70.8/67.6 | 64.0/64.8 55.7/55.9
Gemini-2.5-pro 76.3/75.4 74.2/73.4 | 70.9/69.8 66.9/66.0 | 62.8/61.9 55.2/54.3
Ours (DeBERTa) 88.8/88.1 83.1/82.3 | 72.8/71.9 72.1/71.2 | 61.8/60.9 59.2/59.1
Ours (Qwen3-8B) | 89.4/88.6 83.5/82.7 | 74.2/73.3 72.4/71.6 | 61.0/60.1 59.7/58.9
Ours (PASTA) 87.1/86.5 81.8/81.3 | 76.3/74.2 66.7/67.2 | 60.8/59.3 55.7/56.4
Ours (Table-llama) | 87.8/86.3 81.2/80.3 | 71.0/68.4 69.5/65.7 | 52.4/50.6 55.5/54.4

Table 1: Fact-checking results (Accuracy (%) / Macro-F1 (%)) on three benchmarks under Gold and Open settings.

TRACE is backbone-agnostic. TRACE can be
instantiated with general neural encoders, open-
source LLMs, and table-oriented models within
the same framework. The improvements are
particularly consistent for general-purpose back-
bones: TRACE improves DeBERTa-v3 across all
six dataset—setting combinations, while the Qwen3-
8B variant improves in five combinations and
matches the original backbone on Hybrid-FV Gold.
The benefits also extend to table-oriented back-
bones, with improvements in most Open settings.
Overall, TRACE outperforms its corresponding
backbone in 11 of the 12 Open-setting comparisons,
with the largest gains occurring on the multi-table
OTT-FV benchmark. These results indicate that the
structured retrieval-and-composition framework is
not tied to a particular verifier architecture and can
complement models with substantially different ca-
pacities and pretraining objectives.

Why Open evidence benefits more. The larger
gains in the Open setting align with the design
goal of TRACE. Node-level retrieval turns a sin-
gle global retrieval problem into a set of focused
evidence-seeking steps, improving coverage of lo-
cally relevant table evidence. The bottom-up com-
position module then provides a structured path for
filtering, organizing, and combining these local ev-
idence signals into a final verdict. This structure is
particularly useful when retrieval noise and missing
evidence make flat retrieve-then-verify pipelines
less reliable.

Discussion on strong table-centric backbones.
The gains are smaller in some settings with strong

table-centric backbones such as Table-1lama, sug-
gesting that table-specific pretraining can already
capture part of the required reasoning behavior.
However, TRACE still improves Open-setting per-
formance in most cases, indicating that explicit
structure remains useful even when the verifier has
strong table modeling ability. We further analyze
the roles of tree construction, retrievers, and com-
position modules in the following sections.
Statistical significance and variance. We further
assess the robustness of the results over three ran-
dom seeds, comparing the strongest TRACE vari-
ant with the strongest baseline. TRACE yields sta-
tistically significant improvements across all three
datasets in the Open setting, showing its consis-
tent advantage. Detailed results are provided in
Appendix E.2.

4.3 Tree Construction Analyses

We further analyze how tree construction affects
retrieval and verification. We keep the retriever, the
number of retained evidence rows, and the compo-
sition module fixed, and vary only the way a claim
is converted into a tree. We report Macro-F1 for
end-to-end verification and Evidence Recall@U,
computed over the union of retrieved rows across
all tree nodes after deduplication.

Table 2 shows that tree structure has a substan-
tial impact on both evidence recall and verification
performance. The root-only variant performs worst
on both benchmarks, indicating that treating the en-
tire claim as a single retrieval unit fails to cover the
evidence needed for multi-table multi-hop verifi-
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Tree Construction OTTFV Hybrid FV

Macro-F1 (%)  Evid. Recall@U (%) | Macro-F1 (%) Evid. Recall@U (%)
AMR-tools tree 71.2 80.4 59.1 46.8
Dependency tree 68.9 70.6 57.2 40.5
Simple rule-based segmentation tree 65.0 52.5 55.9 34.4
LLM-generated tree 75.6 84.6 63.5 56.8
No tree (root-only) 61.3 40.7 53.7 18.7

Table 2: Tree construction analyses. Macro-F1 and evidence recall across five tree construction strategies.

cation. In contrast, all tree-based variants improve
evidence recall and Macro-F1, showing that decom-
position directly affects the evidence pathway.

The results also show a clear trend with tree
quality. Simple rule-based segmentation provides
limited gains, while dependency-based and AMR-
based trees achieve stronger performance. This
suggests that more semantically aligned structures
produce better node-level retrieval queries and pro-
vide more useful evidence for downstream compo-
sition. Although LLM-generated trees achieve the
best results, we use AMR-based trees as the main
implementation for their stability, reproducibility,
model independence, and lower cost. The LLM-
tree results therefore serve as a headroom analy-
sis, showing the potential of TRACE with higher-
quality claim structures.

4.4 Retrieval Method Study

We study the effect of the node-level retriever by
keeping the rest of TRACE fixed. We compare
our task-specific retriever with several generic re-
trieval pipelines, including BM25 (Robertson and
Zaragoza, 2009), SentenceBERT, and BM25 with
an additional reranking stage. We report both end-
to-end Macro-F1 and Evidence Recall@U.

Table 3 shows that the task-specific retriever
achieves the highest evidence recall and Macro-
F1 on both datasets. Replacing it with BM25 or
SentenceBERT substantially reduces evidence cov-
erage, especially on Hybrid-FV, where relevant ev-
idence is more dispersed and accurate alignment
between semantic-node queries and table content
becomes more difficult. Macro-F1 decreases along-
side evidence recall, showing that retrieval quality
directly affects the evidence available for bottom-
up composition and ultimately constrains final ver-
ification performance. The task-specific retriever
is therefore an important component of TRACE: by
aligning localized node queries with structured ta-
ble evidence, it turns semantic decomposition into
improved evidence coverage and stronger end-to-
end verification.

4.5 Component Ablations

We ablate two key components in the bottom-up
composition module: PMA, which pools variable-
size child node representations, and FiLM, which
conditionally fuses aggregated child information
into the parent representation. All experiments are
conducted under the Open setting while keeping
tree construction, node-level retrieval, and verifier
backbones fixed.

Table 4 shows that removing either component
consistently reduces performance across datasets
and backbones. This indicates that the gains of
TRACE do not come only from retrieving node-
level evidence; the model also benefits from explic-
itly composing these local evidence signals along
the tree structure. In most settings, removing PMA
causes larger drops than removing FiLM, suggest-
ing that stable aggregation over child nodes is es-
pecially important for bottom-up reasoning. FiLM
further improves performance by allowing the par-
ent representation to be conditioned on the com-
posed child information.

The effect is more pronounced on the multi-table
benchmarks, especially OTT-FV and Hybrid-FV,
where verification often requires combining evi-
dence from multiple subclaims. This supports our
motivation that multi-table fact-checking requires
not only better evidence coverage, but also an ex-
plicit mechanism for filtering, organizing, and inte-
grating evidence across nodes. The smaller drops
observed for Table-llama in some cases suggest
that strong table-centric backbones may already
capture part of this compositional behavior, or that
performance in these settings is partly constrained
by retrieval quality.

4.6 Tree Retrieval vs. Bottom-up Composition

To further separate the effect of tree-structured re-
trieval from bottom-up evidence composition, we
add an intermediate diagnostic baseline under the
Open setting. This baseline uses the same semantic
tree and node-level retriever as TRACE, but directly
concatenates all retrieved node evidence and feeds
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Retriever OTT-FV Hybrid-FV

Macro-F1 (%) Evid. Recall@U (%) Macro-F1 (%) Evid. Recall@U (%)
Ours (task-specific) 71.2 80.4 59.1 46.8
BM25 64.5 52.3 52.5 21.9
SentenceBERT 66.1 63.7 53.9 30.5
BM25 + reranking 65.7 69.2 52.8 24.6

Table 3: Retrieval method study. Macro-F1 and evidence recall with different node-level retrievers on OTT-FV

and Hybrid-FV.

TabFact (Open)

OTT-FV (Open) Hybrid-FV (Open)

Model Full w/o FILM  w/o PMA Full w/oFiLM  w/o PMA Full w/oFLM  w/o PMA
Ours (DeBERTa) 82.3 79.6 77.8 71.2 66.9 64.1 59.1 55.4 52.6
Ours (Qwen3-8B) 82.7 80.1 78.3 71.6 67.8 65.0 58.9 55.9 53.1
Ours (PASTA) 81.3 78.7 76.9 67.2 63.1 60.4 56.4 53.0 51.7
Ours (Table-llama) | 80.3 78.2 74.7 65.7 60.9 60.4 54.4 53.8 54.1

Table 4: Component ablation study. Macro-F1 scores under the Open setting after removing FiLM or PMA from

the bottom-up composition module.

the flattened evidence to the verifier, without the
PMA+FiLM composition module. This setting
tests whether the gains of TRACE can be explained
mainly by retrieving better node-level evidence,
or whether explicitly composing the retrieved evi-
dence along the tree provides additional benefits.

Table 5 shows that tree retrieval with flattened
evidence provides only limited improvement over
the backbone-only baselines and remains substan-
tially below full TRACE. This suggests that higher
evidence coverage does not automatically trans-
late into stronger verification. Once node-level
evidence is flattened into a single context, the veri-
fier must implicitly identify useful evidence, filter
noisy rows, and recover cross-node dependencies
from an unordered evidence pool. This is especially
challenging in multi-table settings, where evidence
retrieved for different nodes can play different roles
in the reasoning process.

In contrast, TRACE preserves the semantic tree
after retrieval and composes evidence-aware node
representations bottom-up. This allows the model
to organize local evidence signals according to the
claim structure, rather than asking the verifier to
infer the entire reasoning path from a flattened con-
text. These results show that tree-structured re-
trieval and bottom-up composition are complemen-
tary: node-level retrieval improves the availability
of locally relevant evidence, while PMA+FiLM
composition helps convert these structured evi-
dence signals into stronger final verification.

4.7 Hop Breakdown

We analyze performance by reasoning depth, group-
ing examples by hop count (2/3/4-hop) and report-
ing Accuracy. Since the task is binary, random

guessing corresponds to 50% accuracy.

Table 6 shows that accuracy generally decreases
as hop count increases, confirming that verification
becomes harder when more evidence links must
be retrieved and composed. The degradation is
most visible in 4-hop examples, where missing
evidence and error accumulation make the task ap-
proach a harder binary regime. Differences among
backbones also become smaller in these cases, sug-
gesting that high-hop verification exposes shared
bottlenecks in evidence coverage and composition.
Nevertheless, models remain above chance in most
4-hop settings, indicating non-trivial robustness un-
der deeper multi-hop reasoning.

4.8 Qualitative Error Analysis

To better understand the remaining limitations of
TRACE, we manually analyze 100 randomly sam-
pled incorrect predictions from each multi-table
dataset under the Open setting, using TRACE with
the Qwen3-8B backbone. We assign each example
to one of four mutually exclusive categories based
on its primary source of failure. Since upstream er-
rors may propagate to later components, we assign
each example to the earliest identifiable failure.

Error categories. A retrieval miss occurs when
the required evidence is not retrieved for any rel-
evant tree node. A tree/AMR error occurs when
semantic parsing or tree normalization produces
an incorrect decomposition or a misaligned node
query. Noisy/misaligned evidence indicates that
relevant evidence is retrieved but accompanied by
strong distractors or associated with an inappro-
priate node. Finally, a verifier/composition error
occurs when the tree and relevant evidence are
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Backbone Method OTT-FV (Open) Hybrid-FV (Open)
Backbone only 62.5/61.7 53.7/53.1

DeBERTa-v3  Tree retrieval + flattened evidence 63.1/64.0 52.5/51.1
TRACE 72.1/71.2 59.2/59.1
Backbone only 64.6/63.8 53.3/54.2

Qwen3-8B Tree retrieval + flattened evidence 65.2/65.1 54.4/53.9
TRACE 72.4/71.6 59.7/58.9

Table 5: Tree retrieval vs. bottom-up composition. Results are reported as Accuracy / Macro-F1 under the Open
setting. The diagnostic baseline uses the same tree-structured node-level retrieval as TRACE, but flattens all retrieved
evidence before verification, without PMA+FiLM bottom-up composition.

OTT-FV Accuracy (%) | Hybrid-FV Accuracy (%)
2-hop 3-hop 4-hop | 2-hop 3-hop  4-hop
Ours (DeBERTa) 728 639  56.1 61.8 573 54.8
Ours (Qwen3-8B) 742  65.1 57.3 61.0 579 55.6
Ours (PASTA) 763 664 582 | 60.8 568 54.3
Ours (Table-llama) | 71.6  67.0  59.5 572 556 52.8

Model

Table 6: Hop breakdown on OTT-FV and Hybrid-
FV. Accuracy grouped by hop count. As hop count
increases, performance converges toward the random
baseline (50%). Our models remain consistently above
chance, indicating stronger robustness under high-hop
multi-table reasoning.

Error type OTT-FV  Hybrid-FV
Retrieval miss 16 39
Tree/AMR error 37 12
Noisy/misaligned evidence 11 30
Verifier/composition error 36 19

Table 7: Manual error analysis of 100 randomly sampled
incorrect predictions under the Open setting.

available, but the verifier or bottom-up composition
module still produces an incorrect verdict.

Results. Table 7 reveals different bottlenecks in
the two testbeds. On OTT-FV, tree/AMR and ver-
ifier/composition errors account for most failures,
while retrieval misses are less frequent. Thus, even
when the required evidence is retrieved, an in-
correct decomposition may produce inappropriate
node queries or organize evidence under the wrong
branches, preventing bottom-up composition from
recovering the correct verdict.

Hybrid-FV presents a different challenge: re-
trieval misses and noisy/misaligned evidence dom-
inate its errors. Its larger and more dispersed evi-
dence space makes relevant tables harder to retrieve
and increases the amount of distracting evidence.
In these cases, downstream composition cannot
recover evidence that was not retrieved and may
be misled when only partially relevant rows are
associated with a node.

Overall, the results show that the primary bot-
tleneck in TRACE shifts with the evidence envi-

ronment. On retrieval-intensive datasets such as
Hybrid-FV, upstream evidence acquisition sets a
practical upper bound on verification performance.
When retrieval provides comparatively reliable cov-
erage, as on OTT-FV, the bottleneck shifts toward
semantic decomposition and evidence composition,
where errors in the tree structure or verifier deter-
mine whether the retrieved evidence can be con-
verted into a correct verdict. Improving one compo-
nent alone may have limited impact once another
component becomes the main bottleneck. These
findings suggest that TRACE should be improved
according to the characteristics of the evidence set-
ting: retrieval and filtering are more important for
large or dispersed table corpora, whereas tree qual-
ity and compositional reasoning matter more when
the required evidence can be retrieved reliably.
Computational Cost Analysis. We conduct
a computational cost analysis to examine the
performance—efficiency trade-off of TRACE, with
details provided in Appendix E.3.

Case study. We present a case study to visually
illustrate our framework. See Appendix F.

5 Conclusion

We study multi-table multi-hop fact-checking and
present TRACE, a semantic tree-based framework
that explicitly structures both retrieval and fact-
checking reasoning. TRACE constructs a semantic
tree with node queries, performs node-level evi-
dence retrieval, and composes evidence-aware node
representations bottom-up to make a final verifica-
tion decision. We introduce two multi-table fact
verification testbeds, OTT-FV and Hybrid-FV.
TRACE achieves consistent improvements, with
particularly strong benefits under open evidence.
Our analyses further show that tree construction
quality and task-specific node-level retrieval are
critical, and that the composition modules con-
tribute substantially to performance.
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Limitations

Our study has several limitations. First, al-
though TRACE improves multi-table multi-hop fact-
checking by introducing tree-structured decomposi-
tion and bottom-up reasoning, its performance still
depends on the quality of the constructed semantic
tree. Errors in parsing or subclaim decomposition
may propagate to downstream retrieval and com-
position, especially in high-hop settings where rea-
soning chains are longer and intermediate mistakes
accumulate more easily.

Second, our retrieval framework is still con-
strained by evidence coverage. Even with node-
level retrieval, the correct evidence may be missed
when relevant rows are lexically sparse, semanti-
cally implicit, or distributed across tables in ways
that are difficult to capture with the current retrieval
setup. As a result, some failures may stem from
retrieval bottlenecks rather than reasoning errors
alone.

Finally, stronger tree construction methods, such
as LLM-based decomposition, may improve perfor-
mance but also introduce additional computational
cost and variability. This creates a practical trade-
off between accuracy, stability, and efficiency that
is not fully explored in the current work.

Potential Risks

Our work studies fact-checking over tabular evi-
dence and is intended to improve the reliability of
automated information systems. However, such
systems may still make incorrect verification de-
cisions when the retrieved evidence is incomplete,
misleading, or only partially relevant. If deployed
in real-world settings without human oversight,
these errors could lead users to place undue trust
in incorrect judgments. In addition, although our
datasets are constructed from public table corpora
and are designed for research use, automated claim
generation and verification pipelines may inherit
biases or factual inaccuracies from the underly-
ing source tables. We therefore view TRACE as
a decision-support tool for research rather than a
fully reliable replacement for human fact-checking
in high-stakes settings.
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A Dataset Construction and Statistics

A.1 Source Table Corpora

To construct multi-table multi-hop fact verification
benchmarks, we build on the source table corpora
underlying two existing QA resources. For OTT-
FV, we use the official table corpus released with
OTT-QA. For Hybrid-FV, we use the Wikipedia
table pool underlying HybridQA, i.e., the original
source corpus rather than only the subset of tables
explicitly appearing in HybridQA examples. This
setup allows our Open evidence evaluation to more
faithfully reflect large-scale retrieval over a realistic
table pool.

A.2 Claim Construction

We construct claims by first sampling groups of
related tables from the source corpus and then
prompting gpt-4o0 (OpenAl, 2024) to identify table
combinations that support a fact requiring informa-
tion from multiple tables. The goal is to create
claims that cannot be verified from a single table
alone, and instead require cross-table composition.
This design encourages multi-table and multi-hop
reasoning patterns rather than single-table lookup.

More specifically, given a set of candidate ta-
bles, we ask gpt-4o to determine whether there
exist supporting tables with overlapping or related
information that can be combined into a true fac-
tual claim. For each valid instance, the model is
instructed to generate (1) a concise claim, (2) the
identifiers of the supporting tables, and (3) a re-
lation type describing how the evidence is com-
bined. The allowed relation types are CONJUNC-
TIVE, CHAINED, COMPARATIVE, CONDITIONAL,
CAUSAL, AGGREGATION, and TAXONOMIC. If
no suitable table combination can be found, the
model outputs no. We provide the full prompt in
Appendix A.3 for reproducibility.
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year  country president term_note

1994  South Africa  Nelson Mandela Took office on 1994-05-10

1995 South Africa Nelson Mandela In office

1996  South Africa  Nelson Mandela In office

1997 South Africa Nelson Mandela In office

1998  South Africa  Nelson Mandela In office

1999  South Africa  Nelson Mandela / Thabo Mbeki ~ Mandela served until 1999-06-14
2000  South Africa Thabo Mbeki In office

Table 8: South Africa presidents by year.

year  person

main_role

1993  Nelson Mandela
1994  Nelson Mandela
1995 Nelson Mandela
1996 Nelson Mandela
1997  Nelson Mandela
1998 Nelson Mandela
1999  Nelson Mandela
2000 Nelson Mandela

ANC leader / anti-apartheid statesman
President of South Africa

President of South Africa

President of South Africa

President of South Africa

President of South Africa

President of South Africa / retired statesman
Former president; public humanitarian work

Table 9: Nelson Mandela roles by year.

For supported claims, the generated statement
must be fully grounded in the selected tables. For
refuted claims, we minimally perturb a supported
claim so that the incorrect part directly conflicts
with the table evidence, rather than introducing
content that is merely unsupported or unverifiable.
This construction ensures that refuted examples
remain evidence-based and require genuine verifi-
cation against the tables.

All generated claim—label pairs are manually ver-
ified by 20 graduate students in natural language
processing. Annotators are shown each generated
claim together with the designated evidence tables,
and are asked to determine whether the claim is
SUPPORTED or REFUTED by the provided evi-
dence. They also correct noisy labels produced
during automatic generation. The agreement be-
tween the gpt-4o-proposed labels and the final
human-verified labels is 88.10%. This number
measures the consistency between automatic candi-
date labels and final human judgments, rather than
inter-annotator agreement, and shows the necessity
of human verification in our construction pipeline.

A.3 Prompt for Claim Construction

We use the following prompt to guide gpt-4o0 in
constructing multi-table claims. The prompt men-
tioned related work FEVER and HoVer (Jiang
et al., 2020):

You are given several tables from a series. Your
task is to check whether there are TWO tables
that contain overlapping or related information
that can be combined to construct a TRUE fact-
based claim. A valid claim must be verifiable

using information from both tables (neither table
alone is sufficient).

Each table has a unique ID (uid). Your output
must have exactly four lines:

1. A single concise factual claim (similar in style
to FEVER/HoVer). 2. The uid of the first support-
ing table. 3. The uid of the second supporting
table. 4. One logic-relation label, chosen from the
list: CONJUNCTIVE, CHAINED, COMPARA-
TIVE, CONDITIONAL, CAUSAL, AGGREGA-
TION, TAXONOMIC.

Do not quote or paraphrase the table contents
inside the claim. If no suitable pair of tables can
be found, output exactly one line: no. Output
nothing else (no explanations, no blank lines).

For 3-hop and 4-hop examples, we use the same
prompt template with only minimal modifications:
the required number of supporting tables and the
number of returned table IDs are adjusted accord-

ingly.
A.4 Annotation Quality Audit

To further assess annotation quality, we conduct
an additional double-annotation audit. For each
dataset, we sample 200 examples balanced by la-
bel, including 100 originally labeled SUPPORTED
and 100 originally labeled REFUTED. A second an-
notator independently re-labels each example using
the claim and the designated evidence tables, with-
out access to the original label. Disagreements in
the audited subset are resolved by a third annotator
before finalizing the revised dataset.

Table 14 reports the audit results. The second
annotation achieves high agreement with the origi-
nal human-verified labels on both datasets, with an
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period person location residence_type

late 1992-1999 Nelson Mandela  Houghton, Johannesburg

1994-1999 Nelson Mandela  Pretoria

1994-1999 Nelson Mandela  Cape Town

from retirement in 1999 (incl. 2000)  Nelson Mandela  Houghton, Johannesburg  Post-presidential home/office base

Table 10: Mandela residence-related evidence by period.

A.6 Data Privacy, Human Annotation and

capital type country

Pretoria administrative capital ~ South Africa Sensitive Content
Cape Town legislative capital South Africa

Bloemfontein  judicial capital South Africa

Table 11: South Africa capitals.

site city

Union Buildings Pretoria
Mahlamba Ndlopfu  Pretoria
Tuynhuys Cape Town
Genadendal Cape Town

Table 12: South African official government sites.

overall raw agreement of 95.25% and Cohen’s x
of 0.905. This suggests that the constructed labels
are reliable despite the use of automatic candidate
generation.

A.5 Dataset Statistics

The final dataset statistics are as follows.

OTT-FV. OTT-FV contains 951 training exam-
ples and 435 test examples, corresponding to
68.61% / 31.39% of the full dataset, respectively.
The underlying table pool contains approximately
400K tables. The label distribution is 55.47% sup-
ported and 44.53% refuted. Its hop-count distri-
bution is: 2-hop: 1087, 3-hop: 152, and 4-hop:
147. Its relation-type distribution is: Conjunctive:
649, Chained: 333, Aggregation: 183, Compara-
tive: 132, Taxonomic: 69, Conditional: 18, and
Causal: 2.

Hybrid-FV. Hybrid-FV contains 2400 training
examples and 800 test examples, corresponding to
75.00% / 25.00% of the full dataset, respectively.
The underlying table pool contains approximately
1M tables. The label distribution is 53.15% sup-
ported and 46.85% refuted. Its hop-count distri-
bution is: 2-hop: 2260, 3-hop: 680, and 4-hop:
260. Its relation-type distribution is: Conjunctive:
1624, Chained: 845, Aggregation: 257, Compar-
ative: 239, Conditional: 109, Taxonomic: 107,
and Causal: 19.

Our datasets are constructed from public table cor-
pora derived from Wikipedia and prior QA re-
sources. As a result, some tables may contain
names of real people or other publicly available en-
tity information. We do not collect private personal
data, and we do not add new personally identifying
information beyond what already appears in the
public source tables. During dataset construction,
we manually verify generated claims and labels,
and we do not intentionally include offensive, hate-
ful, or sexual content. Because the source corpora
are large and open-domain, we cannot completely
rule out the presence of isolated sensitive or of-
fensive entries inherited from the original tables;
however, the benchmark is intended for research
use on public factual data rather than for profiling
individuals.

To verify the quality of generated claim—label
pairs, we recruited 20 graduate students from our
university as volunteer annotators. Annotators
were shown a generated claim together with the
corresponding gold table(s), and were asked to
judge whether the claim was factually supported
or refuted by the provided evidence. They were
also asked to correct annotation mistakes when
necessary. Participation was voluntary and unpaid.
Annotators were informed that their annotations
would be used for research and paper writing, and
all participation was based on consent. To fur-
ther assess label reliability, we additionally con-
ducted the double-annotation audit described in
Appendix A.4. The audit was used only for quality
control and disagreement resolution, and all annota-
tions were performed over public tabular evidence.

Because the annotation task involved only verifi-
cation over public tabular data and did not involve
private personal data, intervention, or high-risk
human-subject protocols, we did not seek separate
ethics review board approval.

A.7 Use of AI Assistants

We used GPT-40 during dataset construction to gen-
erate candidate fact-checking claims from related
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year  person event

1993  Nelson Mandela ~Won Nobel Peace Prize with F. W. de Klerk
1994  Nelson Mandela  Inaugurated as President of South Africa
1998  Nelson Mandela  Married Graga Machel

1999  Nelson Mandela  Stepped down after one term as President

Table 13: Nelson Mandela notable milestones.

Dataset Sample Size Raw Agreement Cohen’s k
OTT-FV 200 97.5% 0.950
Hybrid-FV 200 93.0% 0.860
Overall 400 95.25% 0.905

Table 14: Annotation quality audit. We report human-
human agreement between the original human-verified
labels and an independent second annotation.

tables. The model was used only as a data gen-
eration aid: all generated claim-label pairs were
subsequently manually verified and corrected by
human annotators before inclusion in the dataset.
We did not rely on Al-generated outputs without
human verification.

A.8 Licenses, terms of use, and intended use.

We use publicly available datasets, table corpora,
pretrained models, software tools, and commercial
LLM APIs for research purposes, and cite their
original sources. We follow the corresponding li-
censes or terms of use, and our use is consistent
with their intended research use. The datasets con-
structed in this work, OTT-FV and Hybrid-FV, and
our code will be released for research use, with
license and usage terms included in the released
repository. These artifacts are intended for research
on table-based fact-checking and should not be
used as fully reliable fact-checking systems in high-
stakes real-world settings without human oversight.

B AMR-guided Tree Construction

B.1 AMR Parser

We use transition-amr-parser (Zhou et al.,
2021) to obtain an AMR-style semantic graph for
each claim. The parser output serves as the starting
point for our semantic tree construction.

B.2 Tree Normalization

Our semantic tree should be understood as a struc-
tured decomposition of the sentence rather than a
direct one-to-one copy of the AMR graph. In prac-
tice, we extract entity nodes and attribute/relation
structures from the AMR graph and normalize them
into a tree suitable for bottom-up composition.

Nelson Mandela became
president of South Africa
in 1994 and moved to
Pretoria in 2000.

Nelson Mandela became
president of South Africa
in 1994

moved to
Pretoria in 2000

Nelson Mandela

president of South
Africa in 1999

| president of South Africa in 1999

@ ©

Figure 3: Illustrative example of AMR-guided semantic
tree construction.

At a high level, the normalization process groups
words into the same subtree based on their dis-
tances in the AMR graph and in the generated sub-
trees associated with entities. Intuitively, words
that are semantically closer in the AMR structure
are more likely to be assigned to the same branch
of the tree. This produces a hierarchical decom-
position in which lower-level nodes correspond to
smaller semantic units and higher-level nodes com-
pose them into larger meaning-bearing subclaims.

Figure 3 shows an illustrative example. For the
claim “Nelson Mandela became president of South
Africa in 1994 and moved to Pretoria in 2000.”, the
tree first composes Nelson Mandela with president
of South Africa, and then with in 1994 to form
the left branch. In parallel, it combines moved to
Pretoria with in 2000 to form the right branch. The
root node finally merges these two branches into
the full claim.

C Retrieval and Evidence Formatting

C.1 Retrieval Granularity

In the Open setting, we use a two-stage node-level
retrieval process. For each semantic node, we first
retrieve the top-k candidate tables by scoring the
node query against serialized table representations.
We then perform row-level reranking within the
retrieved tables and retain the top-ranked rows as
the final node-level evidence. Thus, table retrieval
serves as the first-stage recall step, while row-level
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Dataset Original label ~ Second: SUPPORTED  Second: REFUTED
SUPPORTED 96 4
OTTFV REFUTED 1 99
. SUPPORTED 90 10
Hybrid-FV REFUTED 4 96

Table 15: Confusion matrices for the annotation audit. Rows correspond to the original human-verified labels,
and columns correspond to labels assigned by the second annotator.

reranking provides finer-grained evidence selection
for downstream composition and verification.

C.2 Evidence Serialization for Node Encoding

For node encoding, we serialize the node query
together with the retrieved evidence rows into a
single text sequence. Concretely, given a node
query g, and a ranked list of retrieved rows R, =
{ri1,72,...,rn}, we construct the input as:

[Query]: <node query>

[Evidence]

[Row1] <headerl>: <celll>
<header2>: <cell2> ...

[Row2] <headerl>: <celll>
<header2>: <cell2> ...

[Rown] <headerl>: <celll>

<header2>: <cell2> ...

That is, each evidence row is linearized as a se-
quence of header: cell pairs, preserving the orig-
inal column names so that the encoder can access
both cell values and their semantic roles. Rows
are concatenated in retrieval order, with special
markers ([Query], [Evidence], [Row:]) used to
distinguish the query from different evidence rows.

For example, if the node query is “Nelson Man-
dela presidency in 1994, one retrieved row may
be serialized as:

President:
South

[Row1] Year:
Nelson Mandela
Africa

1994
Country:

This serialized sequence is then fed into the node
encoder to obtain the evidence-aware representa-
tion of the node.

C.3 Task-specific Retriever

Our task-specific retriever is based on Sentence-
BERT, which we fine-tune to better match short
node queries with serialized tables. Positive ex-
amples are constructed from a node query paired

with its corresponding gold table(s), while nega-
tive examples are constructed by pairing the query
with other tables from the same table series as the
gold table. At inference time, we use the simplest
dense retrieval setup: cosine similarity between the
query embedding and serialized-table embedding
over the full table pool.

The retriever is trained with the following set-
tings:

* backbone: SentenceBERT

* batch size: 64

* learning rate: 1 x 107°

* number of epochs: 3

* warmup ratio: 0.05

* mixed precision: fpl6

* max input length: 2048

D Implementation Details

D.1 Training Hyperparameters

For DeBERTa and PASTA, we use:
* optimizer: AdamW (Loshchilov and Hutter,
2019)
* learning rate: 2 x 107
* number of epochs: 3
* batch size: 16
* seed: 42
* max input length: 512
For Qwen and Table-llama, we use:
* optimizer: AdamW
* learning rate: 2 x 107
* number of epochs: 3
* batch size: 12
* seed: 42
* max input length: 2048

D.2

For a tree with | V| nodes, TRACE makes one re-
trieval call and one node encoding per node, giving
an overall complexity of O(|N|) retrieval and en-
coding steps. The bottom-up composition is also
linear in the tree size, i.e., O(|N|) for a tree. In

Complexity
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practice, the semantic trees are small and the evi-
dence per node is capped at Top-k, which keeps the
overall computation manageable in open-evidence
settings.

D.3 Hardware

All experiments are conducted on the university’s
NVIDIA A100 GPU cluster.

E Baseline Details

Local backbones. DeBERTa-v3 and Qwen3-8B

are deployed locally.

Official reproductions. PASTA, Table-llama,
DCUF, and Factcheck-GPT are reproduced from
their official repositories.

API-based LLMs. GPT-5.4 and Gemini-2.5-pro
are evaluated via their official APIs. We use zero-
shot prompting and otherwise keep the default API
settings.

E.1 Baseline Selection

We choose baselines to cover the main compari-
son groups relevant to multi-table fact-checking:
general verifier backbones, table-oriented verifica-
tion models, LLM-based fact-checking systems,
and industrial LLLMs. This allows us to evalu-
ate whether TRACE improves over both general-
purpose verifiers and methods with stronger table
or fact-checking capabilities.

We also discuss several related decomposition-
based fact-checking systems, including Pro-
gramFC (Pan et al.,, 2023b) and ClaimDe-
comp (Chen et al., 2022). These methods are impor-
tant related work because they decompose complex
claims into programs, subquestions, or intermedi-
ate reasoning units. However, they are primarily
designed for textual evidence, web search, or tool-
based verification. Directly adapting them to our
setting would require additional design choices for
table retrieval, row selection, and aggregation of
table evidence into a final verdict. Since these com-
ponents are not part of their original formulations,
such adaptations would introduce implementation-
specific factors that make direct comparison less
controlled.

Similarly, FEVEROUS (Aly et al., 2021) is
highly relevant as a benchmark for verification over
heterogeneous Wikipedia evidence, including both
textual sentences and table cells. Our work instead
isolates a table-only multi-table setting where evi-
dence is distributed across multiple tables and must

be composed through structured reasoning. Eval-
uating on the full FEVEROUS benchmark would
require extending TRACE to mixed text-table evi-
dence and FEVEROUS-specific evidence-verdict
evaluation, which we leave to future work.

E.2 Statistical Significance and Variance

We further evaluate the robustness of the main re-
sults over three random seeds. For each dataset and
evidence setting, we compare the strongest TRACE
variant with the strongest non-TRACE baseline.
We report Macro-F1 as mean + standard deviation
and conduct a two-sided paired ¢-test over the three
runs.

As shown in Table 16, TRACE significantly out-
performs the strongest non-TRACE baseline across
all three datasets in the Open setting. The results
show that TRACE’s improvements are most consis-
tent in the Open setting, where relevant evidence
must be retrieved and composed from a large table
corpus.

E.3 Computational Cost Analysis

We compare the end-to-end inference cost of
TRACE with its backbone-only counterparts under
the Open setting. All measurements are obtained
on the same single NVIDIA A100 GPU. TRACE
runtime includes semantic tree construction, node-
level table retrieval, row reranking, node encoding,
bottom-up composition, and final prediction. Cor-
pus embeddings and retrieval indices are precom-
puted for all methods, and the one-time indexing
cost is excluded from per-claim inference.

Table 17 shows the expected accuracy—efficiency
trade-off. TRACE is more computationally expen-
sive than the corresponding backbone-only models
because it constructs a semantic tree and performs
retrieval and encoding for multiple nodes. On aver-
age, TRACE processes 7.3 node queries and 59.6
retrieved rows per claim, compared with one query
and 10 rows for the flat baselines. This additional
computation is accompanied by consistent Macro-
F1 improvements under the Open setting.

To identify the main source of this overhead, we
further profile the runtime of TRACE. Node-level
table retrieval, row reranking, and node encoding
are batched and parallelized across semantic nodes,
and their execution may overlap. Separating them
into independent serial stages would therefore be
misleading. We instead group these operations
as node-level evidence processing and report the
directly measurable components in Table 18.
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Dataset Setting TRACE Macro-F1 ~ Baseline Baseline Macro-F1 AF1 p-value
TabFact Gold 88.57 +£0.25 PASTA 87.33£0.21 +1.23 0.036
TabFact Open 82.67 £0.15 DCUF 81.83 £0.21 +0.83 0.049
OTT-FV Gold 74.33 £ 0.50 Factcheck-GPT 73.37 £ 0.40 +0.97  0.147
OTT-FV Open 71.70 £ 0.46 GPT-5.4 67.57 £ 0.55 +4.13 0.019
Hybrid-FV  Gold 60.47 + 0.45 GPT-5.4 64.70 £ 0.17 —4.23 0.004
Hybrid-FV  Open 59.33 £0.45 PASTA 56.07 + 0.64 +3.27 0.034

Table 16: Statistical significance analysis over three random seeds. We compare the strongest TRACE variant with
the strongest non-TRACE baseline for each dataset and evidence setting. Results are reported as mean Macro-F1
(%) + standard deviation. The p-values are obtained using two-sided paired ¢-tests, with statistically significant

differences (p < 0.05) shown in bold.

Dataset Method Macro-F1  Time/claim (ms) Total time (s) Peak memory (GB) GPU-h/1K
OTT-FV DeBERTa-v3 61.7 164.4 71.5 3.70 0.046
OTT-FV TRACE (DeBERTa) 71.2 755.6 328.7 10.21 0.210
OTT-FV Qwen3-8B 63.8 727.4 316.4 16.94 0.202
OTT-FV TRACE (Qwen3) 71.6 2987.7 1299.4 32.06 0.830
Hybrid-FV  DeBERTa-v3 53.1 153.5 122.8 3.92 0.043
Hybrid-FV  TRACE (DeBERTa) 59.1 812.6 650.1 11.62 0.225
Hybrid-FV  Qwen3-8B 54.2 962.8 770.3 16.24 0.267
Hybrid-FV  TRACE (Qwen3) 58.9 3160.6 2528.5 33.22 0.878

Table 17: End-to-end inference cost under the Open setting, measured on a single NVIDIA A100 GPU. Total time
is measured over the respective test set. GPU-h/1K denotes the estimated GPU-hours required to process 1,000
claims. Corpus indexing is excluded because the same precomputed indices are used throughout evaluation.

The profiling results show that bottom-up com-
position is lightweight, requiring only approxi-
mately 5—6 ms per claim. Most of the additional
runtime comes from node-level evidence process-
ing, particularly backbone encoding over multiple
semantic nodes. These results indicate that the
main efficiency bottleneck lies in repeated evidence
acquisition and encoding rather than in the pro-
posed composition module. More efficient node se-
lection, evidence caching, and adaptive early stop-
ping are promising directions for reducing this cost.

F Case Study: Multi-table Retrieval and
Compositional Reasoning

We present a real example to illustrate how tree-
structured retrieval helps TRACE recover evidence
distributed across multiple tables, while a flat re-
triever is more easily distracted by only part of
the claim. Tables 8—13 show a set of potentially
retrievable related tables.

Claim. “Nelson Mandela became president of
South Africa in 1994 and moved to Pretoria in
2000.”

Gold label. REFUTED

Why this example is challenging. This claim
contains two subclaims: (i) Nelson Mandela be-
came president of South Africa in 1994, and (ii) he

moved to Pretoria in 2000. The first subclaim is
correct, while the second is false. As shown in Fig-
ure 3, the semantic tree decomposes the claim into
these two parts, enabling the system to retrieve and
verify them separately before composing a final
decision at the root.

Relevant evidence. The first subclaim
is supported by multiple tables. In
south_africa_presidents_by_year, the

entry for 1994 lists Nelson Mandela as president,
with a note indicating that he took office on
1994-05-10. In mandela_roles_by_year, the
entry for 1994 states that Nelson Mandela’s
main role was President of South Africa, again
confirming the first half of the claim.

The second subclaim requires more
careful reasoning. A flat retriever is eas-
ily attracted by tables mentioning Preto-
ria, such as south_africa_capitals and
south_africa_government_sites, because
Pretoria is strongly associated with South African
government and presidential offices. However,
these tables do not establish that Mandela moved
to Pretoria in 2000. Instead, the relevant evidence
comes from mandela_residence_by_period,
which shows that Mandela had an official pres-
idential residence in Pretoria during 1994-1999,
but from retirement in 1999 (including 2000),
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Dataset Backbone Tree construction ~ Node-level evidence processing

Bottom-up composition

Total/claim

(ms) (ms) (ms) (ms)
OTT-FV DeBERTa-v3 159.5 590.5 5.6 755.6
OTT-FV Qwen3-8B 159.5 2822.6 5.6 2987.7
Hybrid-FV ~ DeBERTa-v3 170.2 636.3 6.1 812.6
Hybrid-FV  Qwen3-8B 170.2 2984.3 6.1 3160.6

Table 18: Runtime profile of TRACE under the Open setting. Node-level evidence processing includes table

retrieval, row reranking, and backbone encoding over the semantic-tree nodes.

his post-presidential home/office base was in
Houghton, Johannesburg. Therefore, the claim
that he moved to Pretoria in 2000 is contradicted
by the evidence.

Why tree-structured retrieval helps. The se-
mantic tree separates the claim into a “presidency”
branch and a “moved to Pretoria in 2000 branch.
This decomposition allows node-level retrieval to
focus on different evidence needs: one branch re-
trieves tables about Mandela’s role in 1994, while
the other retrieves tables about residence/location
around 2000. In contrast, a flat root-level retriever
tends to prioritize the more salient first half of the
claim—~Mandela, president, and 1994—and may
only retrieve partially relevant Pretoria-related ta-
bles for the second half. As a result, plain retrieval
often captures only the supported portion of the
claim, while missing the crucial contradictory evi-
dence needed for the full verification decision.

Bottom-up reasoning. After node-level retrieval,
TRACE verifies the two branches separately. The
left branch establishes that Mandela indeed became
president in 1994. The right branch, however, finds
that although Pretoria is associated with presiden-
tial residence during Mandela’s term, the evidence
for the period after his retirement places him in
Houghton, Johannesburg rather than Pretoria in
2000. When these two branch-level results are
composed at the root, the final verdict is REFUTED.

Takeaway. This example highlights the main ad-
vantage of TRACE: by decomposing a claim into se-
mantically coherent subclaims, the framework can
retrieve evidence for each part separately and avoid
being dominated by the most salient supported frag-
ment of the claim. In multi-table fact-checking, this
tree-structured retrieval-and-composition process
is especially important when one part of the claim
is correct but another part is contradicted by less
obvious evidence.
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