TriVTab: Fusing Triple-Based Structured Reasoning and Visual Reasoning
for Multimodal Table Question Answering

Zhuo Wen'?  Yang Lin®

Weifan Zhao?

Ji Zhang**  Jun Gao*"

'Key Laboratory of High Confidence Software Technologies, CS, Peking University, China
?Beijing Key Laboratory of Software and Hardware Cooperative Artificial Intelligence Systems
3ZTE Corporation, China
*Nanjing University of Aeronautics and Astronautics, China
zhuown@gmail . com
{lin.yang, zhao.weifan}@zte.com.cn

j.zhang@nuaa.edu.cn

gaojun@pku.edu.cn

“Corresponding authors.

Abstract

Multimodal Table Question Answering re-
quires both accurate perception of cell con-
tents in a table image and precise symbolic rea-
soning over the extracted values; multimodal
large language models (MLLMs) handle the
former well, but the latter remains more chal-
lenging, motivating the use of an explicit code
interpreter for computation. Through a fine-
grained partition analysis, we find instance-
level complementarity between the two paths:
even when the visual path is stronger overall,
the structured path correctly answers a non-
trivial subset of questions missed by the vi-
sual path. To exploit this complementarity, we
propose TriVTab, a dual-path framework that
combines direct visual reasoning with triple-
based structured reasoning through agreement-
gated multimodal fusion. Rather than seeking
a uniformly stronger standalone path, TriVTab
reconciles complementary paths to improve a
strong visual baseline. TriVTab (i) uses an
execution-oriented cell-triple representation to
bind each value to an explicit row and column
context, making complex table structures di-
rectly addressable for code generation; and
(i1) employs agreement-gated multimodal fu-
sion to treat cross-path agreement as corrobo-
ration and concentrate multimodal fusion on
divergent predictions. On five multimodal Ta-
ble QA benchmarks, TriVTab improves over a
strong Qwen3-VL-8B chain-of-thought base-
line by +2.53 points on average and over a
Self-Reflection baseline by +3.46 points.

1 Introduction

Tables are a pervasive medium for organizing struc-
tured information in financial reports, scientific
papers, and web pages, making Table Question
Answering (Table QA) a central problem in doc-
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Figure 1: Instance-level complementarity between the
visual reasoning path P, and the structured reasoning
path P across five multimodal Table QA benchmarks.
The two paths correspond to the visual and structured
reasoning components of TriVTab. Each bar partitions
predictions into four cases according to whether each
path answers correctly: both correct, visual-only correct,
structured-only correct, and both wrong.

ument understanding. While early Table QA re-
search assumed access to clean machine-readable
inputs such as HTML or CSV (Pasupat and Liang,
2015; Herzig et al., 2020; Liu et al., 2022), a
growing number of real-world scenarios present
tables only as images embedded in PDFs, screen-
shots, or scanned documents. This multimodal
setting (Zheng et al., 2024; Kim et al., 2024) is sub-
stantially more challenging, as it simultaneously
requires accurate visual perception of cell contents,
precise symbolic reasoning over the extracted val-
ues, and robustness to complex structures such as
hierarchical headers and merged cells.

Multimodal large language models (MLLMs)
have become the dominant approach to multimodal
Table QA and achieve strong performance across
diverse table types (OpenAl et al., 2024; Bai et al.,
2025; Chen et al., 2024b). Recent work further
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improves this paradigm through table-specialized
training on large or synthetic corpora (Zheng et al.,
2024; Zhou et al., 2025; Kim et al., 2026) and
prompting methods such as chain-of-thought rea-
soning (Wei et al., 2022). These advances im-
prove cell reading, region localization, and lay-
out interpretation. However, questions that require
symbolic computation—aggregating over many
cells, chaining arithmetic, or comparing numeri-
cal quantities—remain challenging.

Delegating computation to an explicit interpreter
provides a natural way to address this limitation.
Program-aided approaches (Gao et al., 2023; Chen
et al., 2023; Cheng et al., 2023; Wang et al., 2024)
parse a table into a structured representation and
delegate reasoning to executable code. In multi-
modal Table QA, this requires first converting the
table image into a structured textual representation
over which the code generator can express the in-
tended operations. The intermediate representation
is therefore a central design choice: it should make
cell values directly addressable while preserving
the row and column context that downstream com-
putation depends on.

The two paths are complementary at the level of
individual instances. Although the structured path
is the weaker single-path baseline in our setup, it
correctly answers a non-trivial fraction of questions
on which the visual path fails (Figure 1). We refer
to this property as instance-level complementarity:
the two paths are jointly valuable because they fail
on different instances, not because they are equally
strong on average.

Instance-level complementarity can be exploited
by early routing—predicting the better path and
running only it—or by late fusion, which runs both
paths and reconciles them. We adopt late fusion:
early routing is efficient but cascades errors when-
ever the path classifier is wrong, whereas running
both paths keeps each candidate available as evi-
dence. The key question is then how to resolve dis-
agreements. Answer-level heuristics such as fixed
weighting or token-level confidence decide with-
out checking whether either answer is grounded
in the table image, so effective fusion should in-
stead resolve disagreements through a per-instance,
image-grounded verification step.

Building on these observations, we propose
TriVTab. Our contributions are as follows:

* We propose TriVTab, a training-free dual-
path inference framework for multimodal Ta-

ble QA that combines direct visual reasoning
with triple-based structured reasoning through
agreement-gated multimodal fusion. Rather
than seeking a uniformly stronger standalone
path, TriVTab reconciles two instance-level
complementary paths to improve a strong vi-
sual baseline.

* We introduce an execution-oriented cell-triple
representation as the interface between visual
parsing and code generation. By binding each
value to an explicit composite row and col-
umn context, cell triples flatten complex ta-
ble structures—including multi-level headers,
row/column hierarchies, and merged cells—
into directly addressable records for code gen-
eration. A controlled ablation against HTML,
Markdown, and linearized 2D representations
(Section 4.4.1) shows that this advantage tends
to become more pronounced as table complex-
ity increases.

* We design an agreement-gated multimodal fu-
sion strategy. Normalized agreement between
the two paths is directly adopted, while dis-
agreement is resolved by a multimodal fusion
module that re-examines the table image to-
gether with both paths’ answers and reasoning
traces.

On five multimodal Table QA benchmarks,
TriVTab improves over a strong Qwen3-VL-
8B baseline with chain-of-thought prompting by
+2.53 points on average (5/5 datasets), and over a
Self-Reflection baseline by +3.46 points.

2 Related Work

Table QA. Table QA has evolved from semantic
parsing over structured tables (Pasupat and Liang,
2015; Herzig et al., 2020; Liu et al., 2022) to mul-
timodal settings where tables appear as images
(Zheng et al., 2024; Kim et al., 2024). Recent
benchmarks emphasize either structural complexity
(Cheng et al., 2022; Katsis et al., 2022) or symbolic
computation (Zhu et al., 2021; Lu et al., 2023).

Multimodal table understanding. General-
purpose MLLMs (OpenAl et al., 2024; Bai et al.,
2025; Chen et al., 2024b) and table-specialized
variants (Zheng et al., 2024; Zhou et al., 2025; Kim
et al., 2026) process table images end-to-end, but
precise symbolic computation remains challenging
for them (Nogueira et al., 2021). Program-aided
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approaches (Gao et al., 2023; Chen et al., 2023;
Cheng et al., 2023; Wang et al., 2024) delegate
computation to executable code, but in the mul-
timodal setting they must first convert the table
image into a structured textual representation be-
fore code can operate on it. An extended discussion
is provided in Appendix A.

3 Method

3.1 Overview

TriVTab is a dual-path framework that improves
a strong visual reasoning path by pairing it with
a complementary structured reasoning path. As
illustrated in Figure 2, the framework comprises
three components that operate over a table image
and a question Q:

* A visual reasoning path P, that answers the
question by directly attending to the image
with an MLLM, well-suited to perception-
centric questions (Section 3.2);

* A triple-based structured reasoning path P
that parses the image into a compact cell-
triple representation {(r,c,v)} and gener-
ates executable code over it, well-suited to
computation-centric questions (Section 3.3);

* A multimodal fusion module F that is in-
voked only on disagreement, jointly exam-
ining the table image alongside both paths’
reasoning traces to produce the final answer
(Section 3.4).

Formally, the two reasoning paths yield candi-
date answers along with supporting traces:

(av,e0) = Pu(1,Q), (as,es) =Ps(1,Q), (1)

where e, is P,’s reasoning trace and e; =
(H,T,m) comprises the parsed HTML table H,
the flattened cell-triple representation 7', and the
generated code 7.

The final answer is determined by an agreement-
gated rule:

N Qagree
a=< B
7,

Here, Eq,,,,,, uses the same answer normaliza-
tion as evaluation, and a,gree denotes the shared
answer under this normalization. In the second

lf Eqnorm (av7 a’s; Q)?
otherwise.

2

case, the fusion module F is invoked (Section 3.4).
Agreement gating concentrates the multimodal fu-
sion cost on the subset of questions where the two
paths genuinely disagree.

3.2 Visual Reasoning Path

The visual reasoning path applies chain-of-thought
prompting (Wei et al., 2022) directly over the table
image, a standard and strong protocol for eliciting
step-by-step reasoning from MLLMs. Given image
I and question (), we prompt the MLLM to (i) de-
scribe the table regions relevant to the question, (ii)
extract the specific values needed, and (iii) produce
a final answer in a normalized format:

(ay,€ey) = MLLM(I, Q; P,), 3)

where e, is the natural-language rationale preced-
ing the answer. We elicit e, explicitly rather than
only the final answer, so that both the answer and
its supporting rationale are available to the down-
stream fusion module.

3.3 Triple-Based Structured Reasoning Path

The structured reasoning path complements the
visual path by decoupling perception from compu-
tation: it first parses the table image into an explicit
symbolic representation, then offloads computation
to a deterministic Python interpreter. The central
design choice is the intermediate representation
that bridges these two stages, since it determines
how readily a code generator can locate values
and express the required operations. The path con-
sists of two stages: image-to-triples parsing (Sec-
tion 3.3.1) and code generation with sandboxed
execution (Section 3.3.2).

3.3.1 Image-to-Triples Parsing

Reliably extracting a flat, execution-ready repre-
sentation directly from a table image is difficult,
especially for tables with hierarchical headers or
merged cells. We therefore target a representation
in which every cell is independently addressable
by its row and column context, and decompose
parsing into two steps that each play to a model’s
strengths: first recover the table structure as HTML,
then flatten it into such cell triples. We prompt an
MLLM to convert the image [ into an HTML table
H, leveraging its mature tabular generation capa-
bility:

H = MLLM(Z; Pytm).- 4)
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Figure 2: Overview of TriVTab. The visual reasoning path (P, ) answers the question directly from the table image,
while the structured reasoning path (Ps) parses the image into cell triples {(r, ¢, v)} and generates executable code
over them. When the two paths agree, the answer is directly adopted; otherwise, a multimodal fusion module
examines the image, both candidate answers, and their reasoning traces to produce the final answer.

Here HTML serves only as an intermediate bridge,
not as the representation handed to the code gener-
ator. Feeding raw HTML directly to a code gener-
ator creates two problems: (i) HTML tokens con-
sume a large fraction of the LLM’s context, espe-
cially for tables with many rows; and (ii) nested
<thead>, <tbody>, rowspan, and colspan con-
structs force the code generator to parse structure
and reason at the same time, which we empirically
find to be error-prone.

We therefore flatten H into an execution-
oriented cell-triple representation T = {(r,c,v)},
where each data cell is encoded as a tuple bind-
ing its value v to a composite row context r and
column context c. The full flattening procedure—
identifying the header region, unfolding merged
cells, and removing duplicate keys—follows a set
of deterministic rules detailed in Appendix G (Al-
gorithm 1).

The cell-triple representation mitigates both
problems. First, it is flat: each triple independently
describes one cell, eliminating the need for the
code generator to traverse nested tags. Second, it is
self-contained: because each value already carries
its (7, ¢) context, downstream code can filter and
aggregate by matching on labels rather than relying
on positional indexing. We empirically validate
both advantages in Section 4.4.1.

3.3.2 Code Generation and Execution

The cell-triple representation reduces code gener-
ation to filter-and-aggregate operations over a flat

key-value set, which a text-only LLM can perform
without specialized tabular libraries. Given the
triple set 1" and the question (), we first retrieve a
question-relevant subset T4, C T, since the full
set can be large for wide or long tables. Because
each triple is bound to an explicit column label,
this retrieval is targeted: rather than searching the
whole table, we match question keywords against
cell values within the relevant columns. We then
prompt the LLM to produce a Python program 7
that, when executed over 7T, 4e, returns the answer:

™= LLM(Tcode7 Q7 Pcode)a (5)

where the retrieval procedure is detailed in Ap-
pendix J.

The prompt P, q4e specifies the triple schema and
restricts 7 to Python built-ins, explicitly prohibiting
tabular libraries such as pandas and numpy: since
each triple already pairs a value with its row and
column keys, list comprehensions and dictionary
lookups suffice.

The generated program is executed in a sand-
boxed Python environment with a wall-clock time-
out, a memory cap, and disabled filesystem, net-
work, and subprocess access, following standard
practice for tool-augmented LLM systems (Wang
et al., 2025). Upon a syntactic or runtime error,
the traceback is fed back together with the orig-
inal prompt and a revised program is requested;
we allow up to K = 3 retries. The path outputs
(as,es) = (m(Teode), (H, T, 7)) on success, or a
null answer with the last error trace as evidence if
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all retries fail.

3.4 Agreement-Gated Multimodal Fusion

TriVTab combines the two paths through an agree-
ment gate: it adopts their shared answer when they
agree, and invokes the fusion module only when
they disagree. This gating concentrates the cost of
multimodal fusion on the subset of questions where
the paths actually diverge, sparing computation on
questions where both paths already converge.

Agreement gating. Agreement is determined af-
ter the same answer normalization used at evalua-
tion (Equation 2), not by raw string matching, so
that formatting differences (e.g., thousands separa-
tors) do not trigger unnecessary fusion.

Multimodal fusion on disagreement. When the
two answers disagree, we instantiate the fusion
module F as a single MLLM call that examines all
available evidence in the same multimodal context
as the original task:

* the original task input: the table image I and
the question Q);

e the visual path’s output: its answer a, and
reasoning trace e,;

* the structured path’s output: its answer a (or
null if execution failed), the generated code T,
and the parsed HTML table H.

It verifies both candidate answers against this
evidence and outputs the final answer a with a brief
justification:

a= MLLM(Iv QJ Ay, €y, As, T, Ha Pfusion)' (6)

Crucially, this step re-grounds the decision in
the table image rather than choosing between two
answers on textual cues alone: it checks which can-
didate the visual evidence supports, and whether
the generated code matches the intent of (). The
intent of this design is to incorporate the structured
path when its answer is supported by the table im-
age, allowing it to provide complementary evidence
on questions where the two paths disagree. Sec-
tion 4.4.2 shows that strategies which decide with-
out this image-grounded re-examination, such as
confidence-weighted selection, fall below TriVTab.

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate TriVTab on five mul-
timodal Table QA benchmarks derived from
MMTab (Zheng et al., 2024): TABMWP (Lu
et al., 2023), WTQ (Pasupat and Liang, 2015),
HiTab (Cheng et al., 2022), TAT-QA (Zhu et al.,
2021), and AIT-QA (Katsis et al., 2022). Follow-
ing MMTab, we use rendered table images con-
verted from the original structured tables, so that
our methods are evaluated in an image-based Ta-
ble QA setting. Dataset details and preprocessing
choices are provided in Appendix C.

Evaluation Metrics. We use exact-match accu-
racy as the primary metric, with the following
normalizations applied to both predictions and
references before comparison: (i) lowercasing
and whitespace stripping; (ii) numerical answers
matched up to a relative tolerance of 1073 to ac-
commodate formatting differences (e.g., 1,234 vs.
1234); (iii) list answers compared as unordered sets
when the question does not specify ordering. The
same normalization function is also used to deter-
mine agreement between the visual and structured
paths before invoking the fusion module.

Baselines. We compare TriVTab against two
groups of baselines: prior multimodal table meth-
ods and path-only variants.

Prior multimodal table methods. We in-
clude prior multimodal table understanding mod-
els as contextual reference points, including
Table-LLaVA-13B (Zheng et al., 2024), SynTab-
LLaVA (Zhou et al., 2025), InternVL-2.5 (Chen
et al., 2024a), and TabFlash-3B (Kim et al., 2026).

Path-only variants. To isolate each path’s contri-
bution, we evaluate two single-path variants under
the same backbone: Visual Reasoning Only, which
uses the visual path P, with chain-of-thought
prompting; and Structured Reasoning Only, which
uses the structured path P and returns the execu-
tion result directly.

Implementation Details. Unless stated other-
wise, all paths use Qwen3-VL-8B as the multi-
modal backbone, and Qwen3-Flash (Yang et al.,
2025) as the text-only code generator in Ps. The
fusion module is instantiated as the same Qwen3-
VL-8B used in the visual path. The full sandbox
configuration is provided in Appendix H, and all
prompts are listed in Appendix N. All experiments
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are run on 2 NVIDIA RTX 5880 GPUs with 48GB
memory each.

4.2 Main Results

Table 1 reports exact-match accuracy on the five
multimodal Table QA benchmarks.

TriVTab consistently improves over single-path
baselines on the same backbone. On Qwen3-
VL-8B, TriVTab achieves 84.04 average accuracy,
improving over Visual Reasoning Only (81.51) by
+2.53 points on average, with the largest gain of
+3.49 on HiTab. The improvement is consistent
across all five datasets (5/5). The structured path
alone is much weaker (58.92 average), yet it pro-
vides complementary signal that the fusion module
exploits, as we analyze in Section 4.3.

The gains persist at a smaller model scale. We
additionally evaluate TriVTab with Qwen3-VL-
4B (Appendix B), while keeping the remaining
pipeline configuration unchanged. TriVTab again
improves over the corresponding single-path vari-
ants on all five datasets. This suggests that the
observed benefit is not specific to the Qwen3-VL-
8B setting.

Comparison to prior methods. For broader con-
text, Table 1 includes published results from rep-
resentative multimodal table systems. TriVTab ob-
tains higher reported accuracy than these methods
across the five evaluated benchmarks.

4.3 Understanding the Source of
Improvement

TriVTab consistently improves over the visual path,
despite the structured path trailing it by 22.59
points on average as a standalone baseline. A stage-
wise analysis of structured-path failures is provided
in Appendix M.1. We next examine why combin-
ing such an imbalanced pair can still help, and
how much headroom remains for the current fusion
strategy.

Instance-level complementarity. Table 2 quan-
tifies, across all five datasets, the complementarity
previewed in Figure 1: each prediction is parti-
tioned into four cases by which path answers it cor-
rectly. Although the structured path is uniformly
weaker on average, the P,-only-correct slice is non-
empty across all datasets, ranging from 2.4% on
TABMWP to 8.6% on HiTab. This instance-level
complementarity increases the correct-answer cov-
erage available from the two reasoning paths. For

reference, we report a path-selection oracle, which
counts a question as correct if either path answers
it correctly (Table 2, Oracle column).

Gains span all reasoning categories. To ver-
ify that fusion exploits complementarity broadly
rather than only on a narrow slice of questions,
we partition the test pool into six reasoning cat-
egories (Appendix E). TriVTab outperforms the
visual path on every category—with gains from
+1.99 to 4+2.75—and regresses on none, includ-
ing categories where the structured path alone is
far weaker (Appendix F). This pattern shows that
the overall improvement is not concentrated in a
single reasoning category and is consistent with
complementary evidence being useful across di-
verse reasoning demands.

A gap to the path-selection oracle remains.
TriVTab remains below the path-selection oracle
on all five benchmarks (Table 2, Gap column). The
gap is smallest on TABMWP (0.56) and largest
on HiTab (5.07), indicating that the current fusion
strategy does not recover all correct predictions
available from the two reasoning paths. This leaves
room for improved disagreement resolution.

4.4 Ablation Experiments

4.4.1 Intermediate Representation for Code
Generation

The structured reasoning path generates code over
an intermediate representation of the table. To iso-
late the effect of this representation choice, we
hold the visual parsing model and the code gen-
erator fixed and compare four alternatives for the
input handed to the code generator: HTML (the
raw HTML produced by the MLLM), Markdown
(rule-based flattening of HTML into Markdown
tables), Linearized 2D (a row-major serialization
where each row is a list of key-value pairs), and
Cell Triples (our flat {(r,c,v)} representation).
We conduct this ablation on four datasets with suffi-
cient structural variation, randomly sampling about
500 test questions from each dataset and excluding
TABMWP, whose small flat tables offer little signal
for comparing structural representations.

Cell triples tend to provide larger gains on more
complex tables. To characterize how represen-
tation choice interacts with table complexity, we
partition each dataset into Easy, Medium, and Hard
subsets by table size and the presence of hierarchi-
cal or merged headers (procedure in Appendix D).
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Method TABMWP WTQ HiTab TAT-QA AIT-QA  Avg.
Prior multimodal table methods

Table-LLaVA-13B (Zheng et al., 2024) 59.8 20.4 10.9 15.7 6.1 22.58
SynTab-LLaVA (Zhou et al., 2025) 88.3 39.6 357 51.9 28.6 48.82
InternVL-2.5 (Chen et al., 2024a) 93.1 45.2 53.7 55.7 58.7 61.28
TabFlash-3B (Kim et al., 2026) 93.7 46.4 60.5 59.9 54.9 63.08
Qwen3-VL-8B backbone

Visual Reasoning Only 95.81 73.87 68.34 85.75 83.76 81.51
Structured Reasoning Only 69.41 44.61 52.66 61.79 66.14 58.92
TriVTab (Ours) 97.70 76.61 71.83 87.95 86.11 84.04

Table 1: Main results on five multimodal Table QA benchmarks, measured by exact-match accuracy (%). Results
for prior multimodal table methods follow the comparative evaluation reported by Kim et al. (2026). The best result
in each column is shown in bold, and the second-best result is underlined.

Prediction partition (counts)

Accuracy (%)

Dataset Bothv P,onlys/ Psonlys/ BothX | TriVTab Oracle Gap
TABMWP 5147 2217 188 134 97.70 98.26 0.56
WTQ 1681 1528 257 878 76.61 7979  3.18
HiTab 695 382 135 364 71.83 76.90 5.07
TAT-QA 440 222 37 73 87.95 90.54 2.59
AIT-QA 311 117 27 56 86.11 89.04 2.93
Avg. - - - - ‘ 84.04 86.91 2.87

Table 2: Per-dataset partition of predictions by which path is correct (left), and TriVTab versus the path-selection
oracle (right). The oracle counts a question as correct if either reasoning path is correct; Gap is the difference

between the oracle and TriVTab.

M Triples M Markdown Linear 2D HTML

HiTab AIT-QA

Accuracy (%)
[=)] ~ e}
o o o
1 1 1
1 1 1
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Easy Medium Hard Easy Medium Hard

Figure 3: Structured path accuracy under different inter-
mediate representations on HiTab and AIT-QA, broken
down by table complexity. Full results for all datasets
are in Appendix L.

Figure 3 shows results on HiTab and AIT-QA, our
most structurally demanding benchmarks; full re-
sults are in Appendix L.

On HiTab, cell triples match the best alternative
on Easy questions and lead the next-best represen-
tation by +2.88 and +5.89 on Medium and Hard
subsets; on AIT-QA, the lead grows from +0.72
(Easy) to +3.01 (Medium) and +7.03 (Hard). This

matches the design motivation: binding each value
to explicit row and column contexts flattens hierar-
chical structure and reduces the positional indexing
the code generator must resolve. On easier, flatter
tables, representation choice matters less, though
cell triples remain competitive.

The main exception is the Hard split of WTQ,
where HTML slightly outperforms cell triples
(60.87 vs. 56.52). We attribute this to WTQ’s pre-
dominantly flat, Wikipedia-style tables: even its
Hard split rarely contains the hierarchical headers
or merged cells that cell triples are designed to
flatten, so the representations are close, and the
small split size (46 questions) makes the ordering
unstable. Overall, cell triples tend to show stronger
relative performance as structural complexity in-
creases, while remaining competitive on simpler
tables.

4.4.2 Path-Combination Strategy Comparison

Instance-level complementarity can be exploited
in different ways, with different trade-offs. One
option is early routing: classify the question and
send it to a single path, executing only that path.
This is efficient, but a mis-classified question is
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Earl Single-path .
routirfg verigﬁc;:ion Late fusion
Dataset
Category Self Random Conf. TriVTab
Routing Ref. tie. weighted (Ours)
TABMWP 91.50 95.51 84.79 96.51 97.70
WTQ 68.46 74.08 62.06 73.96 76.61
HiTab 67.13 67.39 63.20 69.92 71.83
TAT-QA 73.19 83.55 74.22 84.20 87.95
AIT-QA 82.58 82.39 76.91 78.47 86.11
Avg. 76.57 80.58 72.24 80.61 84.04

Table 3: Comparison of path-combination strategies,
measured by exact-match accuracy (%). Category Rout-
ing selects a single path before execution (early routing);
Self-Reflection verifies the visual path only; and the late-
fusion methods run both paths and resolve disagreement
afterward. The best result in each row is shown in bold.

unrecoverable—the unchosen path is never run—
so routing errors cascade directly into final accu-
racy. The alternative is late fusion: run both paths
and reconcile them afterward, at a higher cost but
with access to both candidate answers as evidence.
We also include a single-path verification base-
line (Self-Reflection) that revisits the visual answer
without consulting the structured path. We com-
pare TriVTab against representative strategies of
these kinds, all built on P, and Ps:

» Category Routing (early routing): a ques-
tion is classified into one of the reasoning cat-
egories (Appendix E) and routed to a fixed
path—aggregation and arithmetic questions
to Ps, the rest to P,; unrecognized questions
default to P,.

* Random tiebreaker (late fusion): on agree-
ment, the shared answer is adopted; otherwise
ay Or ag is chosen uniformly at random.

* Confidence-weighted (late fusion): on dis-
agreement, the answer with the higher token-
level log-probability is selected.

* Self-Reflection (single-path verification): the
visual path revisits its own answer in a second
pass with the image as context, without ever
invoking the structured path.

The single-path baselines are reported in Table 1,
while Table 3 compares strategies for combining
the two paths.

Category-based routing is insufficient. Cate-
gory Routing reaches only 76.57 on average, below
Visual Reasoning Only (81.51) on all five datasets.

A fixed path assignment at the reasoning-category
level cannot capture the substantial instance-level
variation in which path is more useful. TriVTab
instead retains both candidate outputs and resolves
disagreements after evidence from both paths is
available.

Naive combination and verification strategies
also hurt. All three simple combination or verifi-
cation baselines fall below Visual Reasoning Only
on average. Random tiebreaker drops to 72.24
(—9.27) by giving the weaker path equal voice
on disagreements. Confidence-weighted (80.61,
—0.90) and Self-Reflection (80.58, —0.93) are
comparable but for different reasons: token-level
confidence is unreliable across paths with differ-
ent answer formats, while Self-Reflection never
accesses the structured path and is limited to what
re-reading the image can recover.

TriVTab outperforms all alternatives on every
benchmark. TriVTab achieves the highest accu-
racy on all five datasets, improving over the best
alternative (Confidence-weighted) by +3.43 on av-
erage and over early routing by +7.47 (Table 3).
Two factors drive this consistency: agreement gat-
ing avoids an additional fusion call when the two
paths already converge, and the fusion module,
when invoked, conditions on multimodal evidence
rather than answer-level cues or a pre-execution
path choice.

Additional comparisons with three-sample vi-
sual self-consistency and simplified pipeline vari-
ants are provided in Appendix L.

4.4.3 Inputs to the Fusion Module

We ablate the auxiliary evidence given to the
fusion module—the visual-side reasoning trace,
the structured-side evidence (generated code and
parsed HTML), or both—while always keeping the
table image, the question, and both candidate an-
swers. All variants lie within a narrow range (83.70-
84.04 avg), and no single reduced configuration
dominates across datasets. Full input achieves the
highest macro-average accuracy at 84.04, so we
adopt it as the default configuration. The four vari-
ants and per-dataset results are in Appendix K.

5 Conclusion

We presented TriVTab, a dual-path framework for
multimodal Table QA that combines a visual rea-
soning path and a triple-based structured reasoning
path through agreement-gated multimodal fusion.
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The framework is built on the observation that the
two paths are complementary at the instance level:
rather than seeking a uniformly stronger standalone
path, TriVTab reconciles two complementary paths
to improve a strong visual baseline. On five bench-
marks, TriVTab improves over Visual Reasoning
Only by +2.53 points on average and over a Self-
Reflection baseline by +3.46 points. A remaining
gap to the path-selection oracle highlights room for
improved disagreement resolution.

Limitations

Inference cost. The full TriVTab pipeline in-
volves additional model invocations for HTML
parsing, code generation, and fusion. Agreement
gating mitigates this cost by invoking the fusion
module only when the two paths disagree, and
efficiency-oriented variants remain a natural ex-
tension.

Dependence on upstream visual parsing.
While the cell-triple representation reduces
structural ambiguity downstream of parsing, it
cannot recover from cell-level perception errors
introduced upstream. Our stage-wise error analysis
(Appendix M.1) further shows that reconstruction
and triple-conversion errors account for a sub-
stantial fraction of the inspected structured-path
failures.

Language coverage. Our evaluation is restricted
to English Table QA benchmarks. The core
framework—dual-path reasoning, agreement gat-
ing, and multimodal fusion—is not inherently tied
to English, though some components such as an-
swer normalization and keyword-based retrieval
may require adaptation for other languages, which
differ in numeric and date formatting and header
conventions. We leave a multilingual evaluation to
future work.

Evaluation scope. Following MMTab, our eval-
uation uses table images rendered from originally
structured tables. The current experiments there-
fore do not establish robustness to severely de-
graded scans, strong blur or skew, or highly irreg-
ular document layouts, which may further affect
table reconstruction and the structured reasoning
path.
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A Extended Related Work

Table Question Answering

Table Question Answering has been studied for
over a decade as a testbed for grounded reasoning
over structured data. Early work assumed clean,
machine-readable inputs: Pasupat and Liang (2015)
introduced WikiTableQuestions and framed the
task as semantic parsing into logical forms, fol-
lowed by benchmarks emphasizing compositional
and conversational reasoning (Iyyer et al., 2017). A
subsequent line of work pre-trained language mod-
els specifically for tabular inputs, including TAPAS
(Herzig et al., 2020), TaBERT (Yin et al., 2020),
and TAPEX (Liu et al., 2022).

As the field matured, benchmarks broadened
along two complementary axes. Structural com-
plexity increased with HiTab (Cheng et al., 2022)
and AIT-QA (Katsis et al., 2022), which feature
hierarchical headers and wide domain-specific ta-
bles; reasoning complexity increased with TAT-QA
(Zhu et al., 2021) and TABMWP (Lu et al., 2023),
which emphasize symbolic computation. More re-
cent benchmarks such as MMTab (Zheng et al.,
2024) and TableVQA-Bench (Kim et al., 2024)
formalize a multimodal setting in which tables ap-
pear as images embedded in PDFs or screenshots.
This setting exposes a key limitation of methods de-
signed for structured tables: they assume that table
structure is already available, whereas multimodal
Table QA requires visual perception, structure re-
covery, and downstream reasoning to be handled
jointly.

End-to-End Multimodal Approaches

A natural approach to multimodal Table QA is to
apply multimodal large language models (MLLMs)
end-to-end. General-purpose MLLMs such as the
GPT-4V family (OpenAl et al., 2024), the Qwen-
VL series (Bai et al., 2025), the InternVL series
(Chen et al., 2024b), and LLaVA-style models (Liu
et al., 2023) have demonstrated strong performance
on visually grounded question answering by lever-
aging large-scale image-text pre-training. Build-
ing on these foundations, several lines of work
specialize MLLMs for tabular visual understand-
ing: Table-LLaVA (Zheng et al., 2024) fine-tunes
a LLaVA backbone on a large multimodal table
corpus, SynTab-LLaVA (Zhou et al., 2025) aug-
ments training with synthetic tables, and TabFlash
(Kim et al., 2026) introduces an efficient table-
specialized variant. Across these methods, the dom-

inant paradigm treats the image as the sole reason-
ing substrate and couples perception and symbolic
reasoning end-to-end within the model, without del-
egating computation to an external engine, which
remains challenging for questions involving precise
symbolic operations (Nogueira et al., 2021).

Program-Aided Reasoning over Tables

A complementary line of work delegates compu-
tation to an explicit symbolic engine. Treating
tabular data through query-style operations has a
long history in database research, where recent
work has increasingly turned to learned models
for query planning and optimization (Gao et al.,
2024). The semantic parsing tradition (Pasupat and
Liang, 2015; Zhong et al., 2017) translates natural
language questions into formal queries over struc-
tured tables, an idea substantially revitalized by
large language models. PAL (Gao et al., 2023) and
Program-of-Thoughts (Chen et al., 2023) replace
natural-language chain-of-thought with executable
code, offloading arithmetic to a Python interpreter.
Applied to Table QA, Binder (Cheng et al., 2023)
and Lever (Ni et al., 2023) generate SQL or Python
over given structured tables, while Chain-of-Table
(Wang et al., 2024) iteratively transforms the ta-
ble through atomic operations before answering.
These approaches assume access to structured table
inputs; in the multimodal setting, the table structure
must instead be recovered from the image before
program-aided reasoning can be applied.

B Cross-Scale Evaluation

To verify that TriVTab’s improvements are not tied
to a specific MLLM backbone, we evaluate P, Ps,
and the full pipeline on Qwen3-VL-4B. All other
components — code generator, prompts, fusion
module configuration — are kept identical to the
main experiments. Results are reported in Table 4.
The relative improvement of TriVTab over
single-path baselines on Qwen3-VL-4B is com-
parable to that on Qwen3-VL-8B, indicating that
instance-level complementarity and agreement-
gated fusion remain effective at smaller scales.

C Dataset Statistics

We evaluate on five widely used Table QA bench-
marks that collectively cover diverse table sources,
structural complexities, and reasoning types:

s TABMWP (Lu et al, 2023) consists
of elementary-level math word problems
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Dataset Visual Only Structured Only TriVTab
TABMWP 97.11 72.22 97.70
WTQ 71.96 47.83 75.26
HiTab 72.46 49.11 73.37
TAT-QA 85.88 57.60 86.70
AIT-QA 80.24 64.04 83.17
Avg. 81.53 58.16 83.24

Table 4: Cross-scale results on Qwen3-VL-4B, mea-
sured by exact-match accuracy (%). “Visual Only” and
“Structured Only” denote the visual reasoning path and
the structured reasoning path, respectively. TriVTab im-
proves over both single-path variants on every dataset,
mirroring the pattern observed with the 8B backbone.

grounded in small tables, predominantly test-
ing arithmetic reasoning.

* WTQ (WikiTableQuestions) (Pasupat and
Liang, 2015) contains open-domain questions
over Wikipedia tables, dominated by multi-
hop retrieval and comparison.

» HiTab (Cheng et al., 2022) features hierarchi-
cal tables with multi-level headers and merged
cells, stress-testing structural understanding.

¢ TAT-QA (Zhu et al., 2021) is drawn from fi-
nancial reports and mixes textual and tabular
evidence. Following prior multimodal Table
QA evaluation, we restrict evaluation to its
table-only subset, which contains a high pro-
portion of symbolic computation questions.

* AIT-QA (Katsis et al., 2022) targets airline in-
dustry tables, with many lookup and filtering
questions over wide, structurally clean tables.

All five datasets originally provide tables in
structured form. To construct the multimodal eval-
uation setting, we adopt the rendered table images
released by MMTab (Zheng et al., 2024), which
converts tables from these source datasets into a
unified image format using a standardized render-
ing pipeline. This makes our evaluation directly
comparable with prior multimodal Table QA work
built on MMTab. We use all datasets and model ar-
tifacts under their respective research-use licenses
or terms of use.

D Table Complexity Categorization

To analyze how intermediate representation choice
interacts with table complexity (Section 4.4.1), we

Condition Contribution

Teells > 100 +2
30 < neens < 100 +1
Tmerged > 5 +2
0 < Tmerged S 5 +1
Neetts > 50 and rpum > 0.5 +1

Table 5: Rule-based scoring scheme for table complex-
ity. Each row specifies a condition on the structural
features and the corresponding contribution to the com-
plexity score. A table is labeled Hard if its total score is
> 4, Medium if 2 < score < 4, and Easy otherwise.

automatically assign each table a complexity la-
bel of Easy, Medium, or Hard based on structural
features extracted directly from its HTML form.

Features. For each table, we extract three struc-
tural features from its HTML representation:

® Neells = Mrows X Neols: total number of cells,
where nyows counts <tr> tags and ngs is the
maximum number of <td>/<th> cells across
rOws.

® Nmerged: Number of cells with rowspan > 1
or colspan > 1, indicating hierarchical or
merged headers.

* rnum: the fraction of non-empty cells whose
textual content matches a numeric pattern,
measuring how data-dense (rather than text-
dense) the table is.

Scoring. We compute a complexity score by sum-
ming rule-based contributions from the three fea-
tures, as shown in Table 5:

Label assignment. A table is labeled Hard if
its score is > 4, Medium if 2 < score < 4, and
Easy otherwise. This rule-based scheme jointly
accounts for table size (nceyis), structural irregular-
ity (Tmerged), and data density (74um), and produces
deterministic splits without requiring manual anno-
tation.

E Question Type Taxonomy

To analyze TriVTab’s fusion behavior across rea-
soning types (Section 4.3), we classify each ques-
tion into one of six categories based on the core
reasoning steps required to answer it. The cat-
egories are designed to span the spectrum from
pure cell lookup to multi-step combinatorial rea-
soning, while remaining structure-agnostic — cate-
gorization is determined by the reasoning process
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required, not by surface features of the table or the
question wording.

Categories.

¢ (A) Direct Retrieval: The answer can be di-
rectly located in a single cell without any com-
putation or filtering. Example: “What was the
sales figure in 2019?”

* (B) Conditional Filtering: Rows or columns
must first be filtered based on a condition
before retrieving the target value. Example:
“What is the profit corresponding to the product
with the highest sales volume?”

* (C) Aggregation Statistics: An aggregation
operation (sum, count, mean, max, min) is
applied to multiple cells. Example: “How
many countries have won more than 10 gold
medals?”

(D) Comparative Judgment: Two or more
values must be compared to determine an or-
dering or relationship. Example: “Which
quarter had higher profits?”

(E) Arithmetic Reasoning: Mathematical op-
erations such as difference, ratio, growth rate,
or multiple are required. Example: “What
percentage did revenue increase from 2020 to
2021?27

(F) Multi-hop Combinatorial: The question
requires composing multiple steps from the
previous categories in sequence (e.g., filtering
followed by aggregation). Example: “What is
the average profit of the top two products in
terms of sales volume?”

Classification procedure. We use Qwen3-VL-
Flash as an automatic classifier. For each question,
the classifier receives the table image and the ques-
tion, and is prompted with the category definitions
above together with one illustrative example per
category. The classifier outputs a single category
label in JSON format. When multiple categories ap-
ply, the prompt instructs it to choose the most core
or highest-difficulty step in the reasoning chain; if
the question is a genuine composition that cannot
be reduced to a single category, it is assigned to
(F). The full classification prompt is provided in
Appendix N.

F Per-Category Accuracy Results

Table 6 reports accuracy across the six reasoning
categories defined in Appendix E. A small number
of questions (186 of 14,889) for which the classi-
fier failed to produce a valid category label are ex-
cluded from this breakdown; all other experiments
use the full evaluation set. TriVTab improves over
the visual reasoning path in all six categories, with
gains ranging from +1.99 to +2.75 points.

The results show that TriVTab’s improvement is
not driven by a single reasoning type. Even direct
retrieval questions benefit from fusion, while aggre-
gation statistics obtains the largest gain. Overall,
the gains extend across diverse reasoning categories
rather than being concentrated in a single type.

G Image-to-Triples Parsing

We flatten the parsed HTML table H into the cell-
triple set 7' = {(r, ¢, v) } with the deterministic pro-
cedure in Algorithm 1. We first expand all merged
cells into a dense grid, then locate the header region
(left columns acting as row headers, top rows acting
as column headers), and finally assign each data
cell a composite row and column label. The num-
ber of row-header columns is found by scanning
for vertically merged spans; the number of column-
header rows uses a width-dependent rule, since the
sparsity and span cues are unreliable when a table
has at most two columns.
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Reasonin uestion Visual Reasoning Structured Reasonin . Gain over
Type categoryg Qcount Only ¢ Only ¥ TriVTab Visual
A Direct retrieval 5065 85.15 50.40 87.40 +2.25
B Conditional filtering 574 75.78 43.21 78.05 +2.27
C Aggregation statistics 2367 82.17 63.46 84.92 +2.75
D Comparative judgment 1893 86.27 65.93 88.75 +2.48
E Arithmetic reasoning 3700 90.32 77.41 92.65 +2.33
F  Multi-hop combinatorial 1104 88.68 41.94 90.67 +1.99

Table 6: Accuracy by reasoning category. “Question count” denotes the number of evaluated questions in each
category, and all accuracy values are exact-match scores (%). “Gain over Visual” denotes the improvement of
TriVTab over Visual Reasoning Only. TriVTab improves over the visual path in all six categories, indicating that
agreement-gated fusion provides consistent gains across diverse reasoning types.

Algorithm 1 Image-to-Triples Parsing

Require: Parsed HTML table H, header separator SEP

Ensure: Cell-triple set T' = {(r,c,v)}
1: G <~ EXPANDMERGEDCELLS(H)
2: np,nce < SHAPE(G)

> dense grid

3: // Row-header columns

4: L+ 0

5: forj =0ton.—1do

6: if col j has a vertical merged span (data region) then
7.

8

L+—j+1
: else
9: break
10: end if
11: end for

12: L + max(L,1)

13: // Column-header rows
14: if n. < 2 then > narrow: numeric rule
15: K <« first row with a numeric data cell,
or the first empty row
16: else > wide: sparsity/span rule
17: K < first row with neither > 2 empty
cells nor a horizontal span
18: complete partial header rows (left/forward fill)
19: end if

20: // Composite labels and triples

21: T+ 0

22: for each data cell G[¢][j] withi > K, j > 0 do
23: r < JOIN(row headers of row i, SEP)

24: ¢ < JOIN(col headers of col j, SEP)

25: T+ TU{(r,c,G[A)[5])}

26: end for

27: remove duplicate (, ¢) keys, keeping first occurrence
28: return T’

H Sandbox Configuration

The code generated by P is executed in an isolated
Python sandbox with the following restrictions: (i)
a wall-clock execution timeout; (ii) a per-process
memory cap; (iii) no filesystem access (read or
write) outside the working directory; (iv) no net-
work access; and (v) no subprocess spawning. Al-
lowed imports are restricted to selected modules
from the Python standard library (notably math and
re); third-party tabular libraries such as pandas

and numpy are intentionally excluded so that the
code generator operates over the cell-triple rep-
resentation using only language-native constructs
(list comprehensions, dictionary lookups, and basic
arithmetic). Other imports are blocked at module-
load time. On a syntax error, runtime exception,
or timeout, the traceback is fed back to the code
generator and the program is regenerated, up to
K = 3 retries (Section 3.3).

I Full Representation Ablation

Table 7 reports the full representation ablation
across all datasets and table-complexity splits. We
note that the Hard splits of TAT-QA and WTQ con-
tain very few questions (10 and 46, respectively), as
these datasets consist predominantly of small, flat
tables; their Hard-split numbers are therefore based
on small samples and should be read as indicative
rather than conclusive. The trends discussed in the
main text are drawn primarily from HiTab and AIT-
QA, whose tables exhibit the structural complexity
these splits are designed to probe.

J Triple Subset Retrieval for Code
Generation

For each question, we retrieve a question-relevant
subset Toqe C T from the flattened triple set and
provide it to the code generation prompt, since the
full set can be large for wide or long tables. The
retrieval is performed via the following two-stage
procedure:

Stage 1: Query decomposition. A text-only
LLM is prompted with the question () and the list
of column headers extracted from 7'. It is instructed
to decompose () into a set of search filters, where
each filter consists of a target column and a list
of candidate keywords. The LLM is asked to per-

58348



Dataset Complexity = Count Triples Markdown  Linear 2D HTML
Easy 139 72.66 70.50 71.94 71.22

AIT-QA Medium 233 64.81 61.80 60.94 61.37
Hard 128 65.62 58.59 54.69 57.81

Easy 21 76.19 71.43 76.19 76.19

HiTab Medium 139 67.63 64.75 59.71 63.31
Hard 340 58.24 47.94 47.65 52.35

Easy 366 72.13 66.94 64.21 68.03

TAT-QA Medium 124 58.06 53.23 48.39 51.61
Hard 10 30.00 30.00 30.00 30.00

Easy 155 63.87 59.35 58.71 56.77

WTQ Medium 298 58.39 52.01 52.35 55.37
Hard 46 56.52 58.70 56.52 60.87

Table 7: Full representation ablation across datasets and table-complexity splits. Count denotes the number of
evaluated questions in each split. Accuracy is measured on the structured reasoning path using different intermediate
representations. The best result in each row is shown in bold.

form synonym expansion — for instance, mapping
“took the gold” to candidate values {“gold”, “cham-
pion”, “winner”, “1st place”, “gold medal”} — so
that the downstream retrieval is robust to surface-
form mismatches between the question and the cell
values. The full prompt template is provided in

Appendix N.

Stage 2: Dense semantic matching. For each
(column, keywords) filter from Stage 1, we encode
all distinct cell values in the target column using
a sentence encoder! and compute cosine similar-
ity between each candidate keyword and each cell
value. The cell value with the highest similarity is
kept as a match, subject to a similarity threshold of
0.4. Triples whose row or column key contains a
matched cell value are retained in 7;,4.; the rest
are discarded. This procedure typically reduces
the number of triples supplied to the code genera-
tor while preserving the cells most relevant to the
question.

K Inputs to the fusion module

To understand whether each input signal supplied
to the fusion module contributes meaningfully to its
final decisions, we compare the full configuration
against three reduced variants: (i) Structured-side
only, which provides only the structured path’s
answer ag, generated code 7, and the parsed HTML
table [1; (ii) Visual-side only, which provides only
the visual path’s answer a, and reasoning trace
ey; and (iii) Answers only, which provides both

'We use all-MinilM-L6-v2 (Reimers and Gurevych,
2019).

Full Structured Visual Answers
Dataset . . .

input side only sideonly only
TABMWP 97.70 97.78 97.70 97.62
WTQ 76.61 75.76 76.20 75.74
HiTab 71.83 73.29 71.89 7291
TAT-QA  87.95 84.20 87.18 86.92
AIT-QA  86.11 87.48 86.11 86.50
Avg. 84.04 83.70 83.82 83.94

Table 8: Ablation on the inputs to the fusion module,
measured by exact-match accuracy (%). The best result
in each row is shown in bold.

candidate answers (a,, as) but no reasoning traces,
no generated code, and no parsed HTML table.
The image I and question () are always included.
Results are reported in Table 8.

Full input as the default configuration. The
four variants are within a narrow range on aver-
age (83.70-84.04), with heterogeneous per-dataset
behavior: Structured-side only performs best on
TABMWP, HiTab, and AIT-QA, while Full input
performs best on WTQ and TAT-QA. No single re-
duced configuration consistently dominates across
benchmarks. Full input achieves the highest macro-
average accuracy at 84.04, and we therefore use it
as the default configuration.

L Additional Controlled Comparisons

We provide additional controlled comparisons to
examine whether the improvement of TriVTab can
be recovered through repeated visual inference or
through simpler variants of the structured pipeline.
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L.1 Visual Self-Consistency

We first examine whether repeated inference along
the visual path can account for the improvement of
TriVTab. We construct Visual-SC@3 by generating
three visual-path responses and applying majority
voting to their normalized final answers. As shown
in Table 9, Visual-SC@3 improves the average ac-
curacy from 81.51 to 82.33, a gain of 0.82 points
over a single visual response. TriVTab reaches
84.04, outperforming Visual-SC@3 by 1.71 points.
Thus, repeated visual inference provides a measur-
able improvement, but does not recover the full
gain of the dual-path framework.

L.2 Simplified Pipeline Variants

We further examine whether comparable perfor-
mance can be obtained with simpler variants of
the structured pipeline. As shown in Table 9, the
strongest simplified variant is Triples + Visual Fu-
sion, which removes code generation and execu-
tion and achieves an average accuracy of 82.28.
Full TriVTab reaches 84.04, retaining a 1.76-point
advantage over this variant. Directly answering
from HTML, triples, or the image—triple combi-
nation also falls below the full framework, while
direct image-to-code execution performs substan-
tially worse at 61.11. Overall, these results show
that simpler uses of structured information capture
part of the benefit, but do not match the perfor-
mance of the complete TriVTab pipeline under the
same evaluation setting.

M Structured-Path Diagnostics

M.1 Stage-Wise Error Analysis

To better understand the relatively low standalone
accuracy of the structured reasoning path, we man-
ually inspect 20 structured-path failures sampled
across the five datasets. For each example, we ex-
amine the table image, reconstructed HTML, cell
triples, generated program, and execution result,
and assign the failure to the earliest stage at which
question-relevant information becomes incorrect or
unusable.

We distinguish three mutually exclusive failure
stages. Image-to-HTML reconstruction errors oc-
cur when question-relevant cell content or table
structure is already incorrect in the reconstructed
HTML. HTML-to-triple conversion errors occur
when the HTML preserves the required informa-
tion, but relevant row, column, section, or value
context is lost or incorrectly bound during triple

construction. Downstream code/reasoning errors
occur when the required evidence is preserved in
the triples, but retrieval, program generation, exe-
cution, or answer extraction produces an incorrect
result.

Table 10 shows that failures arise both before
and after program generation. Nine of the 20 er-
rors occur upstream: six originate from image-to-
HTML reconstruction and three from HTML-to-
triple conversion. In these cases, question-relevant
content or structural context is already missing or
incorrectly represented before it reaches the code
reasoning stage. The remaining 11 errors occur
downstream, despite the required evidence being
preserved in the cell triples, and primarily involve
incorrect cell selection, operations, type handling,
or answer matching.

Two representative cases illustrate these fail-
ure modes. In one TAT-QA example, the recon-
structed HTML correctly preserves two table sec-
tions, but the HTML-to-triple conversion drops the
parent-section context. Consequently, two distinct
“Domestic—state” entries receive the same key, caus-
ing the generated program to select 57,299 instead
of 3,313 and return 1.440 rather than 0.08. In AIT-
QA_g-117, both the HTML and cell triples cor-
rectly preserve an absolute increase of 66 and a
percentage increase of 23.2%, but the generated
program selects the absolute-increase column and
returns 66. The former illustrates an intermediate-
representation error, whereas the latter is a down-
stream code-selection error.

Overall, the analysis suggests that the structured
path does not have a single dominant bottleneck:
both upstream table reconstruction and downstream
program reasoning contribute substantially to its
failures.

M.2 Retrieval-Threshold Sensitivity

The structured path uses a similarity threshold of
0.4 when retrieving question-relevant triples for
code generation. To assess sensitivity to this choice,
we evaluate thresholds of 0.3, 0.4, 0.5, and 0.6
on the complete evaluation sets while keeping all
other components unchanged. Across all runs, the
LLM calls for both keyword extraction and code
generation use Qwen-Flash with temperature 0.2
and top-p 0.8 (maximum generation length at the
API default).

As shown in Table 11, the macro-average
structured-path accuracy varies only from 59.12
to 59.57 across the tested thresholds, a maximum
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Variant Main Modification Avg.
Visual self-consistency

Visual Reasoning Only Single visual reasoning pass 81.51

Visual-SC@3 Three visual samples with majority voting 82.33
Simplified pipeline variants

HTML Direct Answer directly from reconstructed HTML 79.61

Triples Direct Answer directly from cell triples 71.16

Image + Triples Direct Joint multimodal direct answering 80.26

Triples + Visual Fusion Remove code generation and execution 82.28

Image-to-Code Execution Direct image-to-code generation 61.11

TriVTab (Ours) Full structured execution and fusion 84.04

Table 9: Additional controlled comparisons. We report the unweighted average exact-match accuracy (%) across the

five benchmarks.

Failure Stage Cases Share Main Causes

Image-to-HTML reconstruction 6 30% Headers, merged cells, or empty parsing
HTML-to-triple conversion 3 15% Loss of section, year, or column context
Downstream code/reasoning 11 55% Selection, operation, type, and matching errors

Table 10: Stage-wise manual analysis of 20 structured-path failures. Each example is assigned to the earliest stage
sufficient to explain the final error. Main causes summarize recurring error patterns observed within each stage.

Retrieval Threshold Avg. Accuracy

0.3 59.12
04 59.57
0.5 59.44
0.6 59.53

Table 11: Sensitivity of the structured reasoning path to
the triple retrieval threshold on the complete evaluation
sets. Accuracy is the unweighted average across the five

datasets (%).

difference of 0.45 percentage points. The default
threshold of 0.4 achieves the highest average ac-
curacy (59.57), while the nearby settings remain
close in performance. These results indicate that
aggregate structured-path performance is relatively
insensitive to the retrieval threshold within the eval-

uated range.

N Prompts
N.1 Triple Retrieval Prompt

# Role

You are an advanced Database Schema Linker and Query Optimizer. Your
goal is to bridge the gap between a user's natural language
query and a list of triple data.

# Data Structure

1. **Data Source (“data™)**: A list containing all the data, with
each element being a tuple of ~(row_key, col_key, value)™.

2. **Row Index List (Tall_rows™)*x: A list containing all possible ~
row_key™ values in the data. Note: Each “row_key™ itself may
be a list containing hierarchical information (e.g., “["
Header A", "Sub-header B"]1").

3. *xColumn Index List (Tall_cols™)#**: A list containing all
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possible “col_key™ values in the data. Note: Each ~col_key~
may also be a list.

# Your Task

You must analyze the query and extract "Search Filters” to retrieve
relevant rows.

Perform the following steps using a **Chain of Thoughtxx process:

1. xxAnalyze Column Semantics**: Look at the provided column names.
Infer what kind of data each column likely holds (e.g., "
Result” likely holds "Won/Lost"”, "Event” holds sport names).

2. x*xDecompose the Query#**: Break the user's query into key
constraints.

3. **Map & Expand (Crucial)#x:

- Map each constraint to the most appropriate column.
- *xSynonym Expansion**: The user often uses casual language (e.g
, "gold medal”, "best movie"). You MUST predict how this
value might be stored in a standard database (e.g., "Champion
", "Winner", "1st Place"”, "Academy Award").
- Generate 2-3 likely database values for each keyword.

# Output Format
You must output a single block of text containing your x*Reasoningxx
followed by the *xJSON**.

Format:
ST text

Reasoning: <Your step-by-step analysis here>

it JSON_START#H#

T JSON
"filters”: [
{
"column”: "Target_Column"”,
"keywords": ["original_term”, "synonyml"”, "synonym2"]
}
]
}
Constraints:

Do not make up columns. Use ONLY the provided list.
If the query mentions a specific value (e.g., "2007"), include it.

If the query implies a condition (e.g., "who won"), focus on the
won' condition.

Few-Shot Examples
Example 1 (Handling Semantic Gap)

Table Columns: [["Event"], ["Athlete"], ["Result”], ["Time"]]
User Query: "Who took the gold in the 100m dash?”




Output:

Reasoning:
1. Analyze Columns: "Event” is for sports, "Result” is for rankings/
medals.
2. Analyze Query: User wants "gold” in "10@m dash”.
3. Map and Expand:
(1) "100m dash”: Maps to column "Event”. Database value might be
"100m", "100m Sprint”.
(2) "took the gold”: Maps to column "Result”. User said "gold”,
but databases often store this as "Champion”, "1st"”, "Winner",
or "Gold Medal”. I will include these synonyms to ensure
retrieval success.

### TSON_STARTH#H#
*T"JSON

"filters”: [
{
"column”: ["Event"],
"keywords": ["100m dash”, "10@m”, "10@m Sprint”]

i
{
"column”: ["Result”],
"keywords": ["gold”, "Champion”, "Winner"”, "1st Place”, "Gold
Medal”]
}
]

Example 2 (Handling Ambiguity)

Table Columns: [["Year"l, ["Organization"], ["Award"], ["Work"1]
User Query: "Did she get a nomination for Hana Yori Dango?”

Output:

Reasoning:

1. *%Analyze Column Semantics##:

"Work": The name of the drama or movie.

- "Award”: The specific name of the prize (e.g., "Best Actress”).

- "Organization”: The entity giving the award.

Observation: There is NO specific "Result” or "Status” column (
like "Won/Nominated") in this provided schema. This is tricky.

2. x*xDecompose the Queryxx:
- Condition 1: The work is "Hana Yori Dango”.
- Condition 2: The status is "nomination”.

3. *xMap & Expandxx:
- "Hana Yori Dango” -> Maps to column ~Work™.

- Expansion: I will search for the exact title "Hana Yori Dango
»

- "nomination” -> Where does this go?

- Analysis: Since there is no "Status” column, the concept of "
nomination” might be embedded within the ~Award™ column
itself (e.g., "Best Actress (Nominated)"”) or the °
Organization™ column. Or, perhaps the user is asking to check

if a row simply exists for this work.

- Decision: The safest bet is to search for "nomination” or
nominee” within the ~Award” column, as that's where award
descriptors usually live.

### TSON_STARTH#H#
*7"JSON

"filters”: [
{
"column”: ["Work"1,
"keywords”: ["Hana Yori Dango"]

i
{
"column”: ["Award"],
"keywords": ["nomination”, "Nominee”, "Nominated”]
}
]

Current Task

Given Cols (all_cols): {col_names_json}
User Question: {user_question}

Figure 4: Triple retrieval prompt. Used in Stage 1
of triple subset retrieval to decompose the question
into search filters with synonym-expanded keywords
for downstream dense matching, as described in Ap-
pendix J.

N.2 Code Generation Prompt (FP.,q.)

# Role

You are a data analysis expert capable of generating precise Python
code based on natural language questions. Your task is to
generate query code for the given "list of triple data”.

# Data Structure

1. **Data Source (“data™)**: A list containing all the data, with
each element being a tuple of ~(row_key, col_key, value)~.

2. **Row Index List (Tall_rows™)**: A list containing all possible ~
row_key™ strings. Hierarchical levels are joined by a hyphen
(e.g., ~"Header A-Sub-header B"™).

3. *xColumn Index List (“all_cols™)**: A list containing all
possible “col_key™ strings (e.g., ~"Year 2024-Q1"7).

# Goal
Answer the user's natural language question (“User Question~).

# Critical Constraints (Must be adhered to)

1. **Prohibition of Pandas and numpy*x: Only use Python native list
comprehensions or loops.

2. x*Exact Key-Value Match**: The ~target_row™ and ~target_col”
strings must *xexactly matchxx one of the entries in
all_rows™ or “all_cols™.

3. **Chain of Thought (CoT)#**: Before writing the code, you must:

- Analyze the metric/entity and the time/category dimension in
the question.

- Scan “all_rows™ and “all_cols™ to identify the specific
concatenated strings.

- Explicitly state the selected ~target_row™ and “target_col-.

4. xxStrict Type Handlingx:

- Direct Math: All numerical values in data are stored as native
types (int or float). Use them directly for mathematical
operations (sum, average, etc.) without conversion.

- Comparison & String Logic: For any equality checks (==) or
string-based filtering, always wrap the value in str() first.
This ensures consistency when comparing data against string-
based row/column keys or user inputs.

# Few-Shot Example

*xGiven Rows (Tall_rows™):**

C

"Consolidated-Revenue”,

"Consolidated-Cost”,

"Consolidated-Average stage length (miles) (i)"
]

*xGiven Cols (“all_cols™):**
L

"Year 2014",

"Year 2015"

]

**Data Example:*x

L

("Consolidated-Revenue”, "Year 2014", 5762),

("Consolidated-Average stage length (miles) (i)", "Year 2014", 1581)
]

*xUser Question:x*
"What is the average stage length in 2014?"

**Model Output:*x
### Thinking Process
1. **xAnalyze Question**: The user is looking for "average stage
length” for the period "2014".
2. xxIdentify Keysx:
- Scanning ~all_rows™: The string ~"Consolidated-Average stage
length (miles) (i)"" contains the target metric.
- Scanning ~all_cols™: The string ~"Year 2014"" matches the
target year.
3. **Conclusion*x: I will filter the “data™ list where the first
element matches the row string and the second element matches
the column string.

### Python Code

** python

# Defined target keys based on the metadata

target_row = "Consolidated-Average stage length (miles) (i)"
target_col = "Year 2014"

# Filter data to find the value (data is a list of tuples)

# Each tuple is (row_key, col_key, value)

answers = [x[2] for x in data if x[@] == target_row and x[1] ==
target_col]

if answers:
# Print the first matching result
print(answers[0])

else:
print(”"No data found.")

Current Task
Given Rows (all_rows): {row_names_json}
Given Cols (all_cols): {col_names_json}
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Given Values ("The first row of data in the table as an example.™):
{data_example_json}

User Question: {user_question}

Please start thinking and writing code.

Figure 5: Code generation prompt (FP.o4e). Used by
the code generator in the structured reasoning path to
produce an executable Python program over the cell-
triple representation (Section 3.3).

N.3 Visual Path Prompt (P,)

You are given an image of a table. Carefully analyze the data and
answer the question step by step.

First, read the table and extract all relevant information.

- Identify all column and row headers, and note any merged or multi-
level cells.

- If the table has a complex structure (e.g., hierarchical headers),
explicitly describe how you parse it.

Then, reason through the problem logically, showing your complete
thought process.

- If calculation is needed, show the exact formula or arithmetic
steps, not just the final number.

Finally, provide the precise answer in a specific format.

Your response must contain two parts:

1. *%*Reasoningxx: Your step-by-step thinking process.

2. *xFinal Answerx*: The exact answer, enclosed within the tags <
answer> and </answer>.

Rules for the final answer:

- If the answer is a number, just put the number (e.g., <answer>42</
answer>) .

- If the answer is a short phrase or entity, put it directly (e.g.,
<answer>John Doe</answer>).

- If the answer requires multiple values, use a comma-separated list
inside the tags (e.g., <answer>Paris, London, Berlin</answer
>).

- If no answer can be found, output <answer>N/A</answer>.

Now, here is the question: {QUESTION}

Figure 6: Visual path prompt (P,). Used by the visual
reasoning path to produce a chain-of-thought rationale
and a normalized final answer directly from the table
image, as described in Section 3.2.

N.4 Image-to-HTML Prompt (FPyt1)

Recognize the table in this image and return an HTML-style
reconstructed table in text.
<image>

Figure 7: Image-to-HTML parsing prompt (Ppem1)-
Used in the first stage of the structured reasoning path
to convert the table image into an HTML representa-
tion, which is subsequently flattened into cell triples, as
described in Section 3.3.

N.5 Fusion Module Prompt ( Pyysion)

You are an expert in answering questions based on tables. Please
carefully observe the table image and answer the following
question.

Question: {question}

To help you answer more accurately, two reference systems provide
the following analyses:

[Reference System A - Direct Visual Inference]

This system directly answers the question based on the table image.
Its answer is:

{vl_answer}

Its reasoning is:
{vl_reasoning}

[Reference System B - Code Inference]

This system parses the table into the following structured
representation. Note that the parsed structure may contain
errors, so you should rely on the table image as the primary
evidence:

{parsed_table_html}

The system then generates the following code to solve the question:
{code}

The result of code execution is:
{code_answer}

Please carefully verify the two reference systems against the table
image. Determine whether either system contains errors, and
then provide the final answer you think is correct.

Requirements:

1. Check whether the direct visual answer is consistent with the
table image.

2. Check whether the parsed table correctly reflects the image.

. Check whether the generated code correctly answers the question.

4. Check whether the code execution result is consistent with the
table image.

5. Compare the two systems and identify possible errors in each.

. Provide your final judgment.

7. Place the final answer within the <answer></answer> tags.

w

o

Figure 8: Multimodal fusion prompt (Prygion). Invoked
when the two paths disagree; it instructs the fusion mod-
ule to jointly examine the table image, both candidate
answers, and their reasoning traces, and then output the
final answer with a brief justification, as described in
Section 3.4.

N.6 Self-Reflection Baseline Prompt

You are an expert in answering questions based on tables. Please
carefully observe the table image and answer the following
question.

Question: {question}

To help you answer more accurately, one reference system provides
the following analysis:

[Reference System - Direct Visual Inference]
This system directly answers the question based on the table image.

Its answer is:
{vl_answer}

Its reasoning is:
{vl_reasoning}

Please carefully verify the reference system's reasoning and answer
against the table image. Determine whether the reasoning or
answer contains any errors, and then provide the final answer
you think is correct.

Requirements:

1. Check whether the reasoning is consistent with the table image.

2. Check whether the predicted answer is supported by the table
image.

3. Identify possible errors in the reasoning process, if any.

4. Provide your final judgment.

5. Place the final answer within the <answer></answer> tags.

Figure 9: Self-Reflection baseline prompt. Used in the
second pass of the Self-Reflection baseline, which asks
the visual path to revisit its first-pass answer given the
table image and its prior reasoning trace, as described
in Appendix N.6.
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N.7 Question Type Classification Prompt

You are a multimodal table question-answering classifier. You will
receive a table image and a question. Please classify the
question into one of the following categories based on the
reasoning process required to solve it:

A. Direct retrieval type: The answer can be directly located in the
cell without the need for calculation or filtering.
Example: "What was the sales figure in 2019?"

B. Conditional Filtering Type: Rows/columns need to be filtered
first based on conditions, and then values are taken.
Example: "What is the profit corresponding to the product with the

highest sales volume?”

C. Aggregation statistics type: Requires aggregation operations such
as sum, count, average, max, and min.
Example: "How many countries have won more than 10 gold medals?”

D. Comparative Judgment Type: It requires comparing the size
relationship between two or more values.
Example: "Which quarter had higher profits?”

E. Arithmetic reasoning type: It requires mathematical operations
such as difference, ratio, growth rate, and multiple.
Example: "What percentage did it increase from 2020 to 2021?"

F. Multi-hop Combinatorial Type: It requires multiple consecutive
steps (such as filtering + retrieval, filtering + aggregation,
comparison + arithmetic, etc. in combination).

Example: "What is the average profit of the top two products in
terms of sales volume?”

Classification rules:

1. Determine based on the core reasoning steps required from the
question to the answer, rather than the surface wording of
the question.

2. If multiple types are involved, select the most core or highest
difficulty type in the reasoning chain. However, if it is
truly a combination of multiple steps and cannot be
classified into a single type, choose F.

Please strictly follow the following JSON format for output. Do not
output any other content:

{"category”: "A", "reason": "A one-sentence explanation of the
reason."}

Question: {question}
Table_Image:

Figure 10: Question type classification prompt. Used
by Qwen3-VL-Flash as an automatic classifier to assign
each question to one reasoning category, as described in

Appendix E.
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