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Abstract

Multimodal Large Language Models struggle
with tabular reasoning on tables containing im-
ages as cells owing to their limited memory
and the distractions posed by the surrounding
irrelevant visual elements. Existing context-
reduction methods reduce context size but de-
grade reasoning accuracy: text-only pruning ne-
glects visual cells, token-level pruning discards
valuable information, and retrieval cannot un-
derstand table structure. We propose CAPTR:
Caption-based Context Pruning for Tabular
Reasoning, a two-stage framework that uses im-
age captions as a lightweight textual proxy to
prune non-pertinent rows and columns and then
restores images for reasoning. CAPTR can re-
duce the context length by 80% while achieving
up to 8% accuracy improvement against com-
petitive baselines. By analyzing the error cases,
we find that entity confusion contributes to the
majority of the remaining errors. CAPTR is
the first multimodal context-reduction method
to improve performance on multimodal tabular
reasoning.

1 Introduction

While Multimodal Large Language Models
(MLLMs) have achieved reasoning capabilities for
inputs that are composed of both language and
visual modalities (Alayrac et al., 2022; Li et al.,
2023), their performance declines dramatically
with increasing visual input sizes. This degradation
is particularly important for multimodal tabular
reasoning, in which a model is tasked to answer
questions over tables where the cells contain tex-
t/images/visualizations in an interleaved fashion.
Reasoning on such tables requires models to un-
derstand the table structure, textual context, visual
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Modality Tabular Reasoning Capabilities

Method Multimodal Struct.
Aware

Symbolic Semantic

Multimodal Context Reduction

SparseVLM (Zhang et al., 2025c) ✓ ✗ ✗ ✓

Retrieval ✓ ✗ ✗ ✓

Tabular Reasoning (Text)

H-STAR (Abhyankar et al., 2025) ✗ ✓ ✓ ✓

WEAVER (Khoja et al., 2025) ✗ ✓ ✓ ✓

CAPTR ✓ ✓ ✓ ✓

Table 1: Comparison of CAPTR with existing multimodal
context-reduction and table-reasoning methods.

evidence, and the relationships between rows and
columns. In many cases, however, a question de-
pends only on a small subset of the table, while the
MLLM must process the full table. For example,
on MMTabQA (Mathur et al., 2024), a single table
with 324 images requires over 66,000 tokens for
Gemma 3 (Gemma Team, 2025). This creates two
problems: (1) Degraded reasoning: MLLMs can
be distracted by irrelevant visual content (Sharma
et al., 2024; Wu et al., 2025). (2) High peak mem-
ory: all visual tokens must be encoded before rea-
soning, so memory grows with the number of table
images.

The natural choice is to prune multimodal con-
texts before reasoning, but existing approaches are
not designed for multimodal tables. Text-only ta-
ble pruning methods such as H-STAR (Abhyankar
et al., 2025) and ALTER (Zhang et al., 2025a) re-
duce table size by selecting query-relevant rows
and columns, using symbolic reasoning, semantic
filtering, SQL execution, or hybrid SQL-text rea-
soning (Pasupat and Liang, 2015a; Zhong et al.,
2017; Chen et al., 2020; Nan et al., 2022; Khoja
et al., 2025). However, text-only methods can-
not directly prune visual cells: SQL operates over
structured text, while semantic filtering over im-
ages would require placing all images in the model
context.

Multimodal retrieval systems choose rows and
images using retrievers like ColPali (Faysse et al.,
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Figure 1: Overview of CAPTR. Images are replaced with captions, the captioned table is pruned via symbolic and
semantic reasoning, and the original images are restored before final MLLM reasoning.

2025a), but the relevance of rows and columns is
determined by the format, headers, nearby cells and
symbolic rules rather than image-query similarity.
Token-pruning methods like SparseVLM (Zhang
et al., 2025c), AdaFV (Han et al., 2025), and TRIM
(Song et al., 2025) prune the vision tokens in a
single image QA setting (Shao et al., 2025), but
tabular reasoning demands pruning across rows
and columns rather than image patches. Table 1
summarizes this gap: existing works are either mul-
timodal but do not consider table structure or aware
of structure yet restricted to text input.

We propose CAPTR, Caption-based Context
Pruning for Tabular Reasoning, a two-stage
framework illustrated in Figure 1. CAPTR replaces
images with query-independent image captions as
a light-weight textual representation that enables
pruning of large tabular content. These captions
are only needed to preserve enough information to
determine whether a row or column is relevant.
The first stage of CAPTR involves pruning the
captioned table via symbolic SQL queries and se-
mantic LLM-powered inference. The next stage
involves bringing back the corresponding images
from the pruned table for further multimodal rea-
soning. The two-stage design combines the effi-
ciency of text-based pruning with the visual fidelity
of multimodal reasoning.

CAPTR reduces context length while improv-
ing reasoning accuracy, outperforming both image-
level retrieval and patch-level token compression.
This establishes caption-based pruning as a third

paradigm for multimodal context reduction.
Our main contributions are:
• We introduce CAPTR, a caption-based context-
pruning approach for multimodal table reasoning.
• We show that CAPTR reduces context length by
up to 80% while improving QA accuracy by up to
8%, with robustness across two benchmarks and
four MLLMs.
• We show that CAPTR lowers peak GPU memory
usage and reduces end-to-end token consumption
by filtering irrelevant rows and columns before mul-
timodal reasoning.
• We compare against six strong baselines and show
that CAPTR outperforms them.

2 CAPTR
CAPTR is a two-stage approach, illustrated in Fig-
ure 1, where the first stage replaces images with
query-independent captions and performs table
pruning to reduce irrelevant multimodal context,
followed by a multimodal reasoner that conducts
final query answering over the pruned table.

2.1 Stage 1: Caption-based Context Pruning

Table Preprocessing Not all tables are provided
in SQL-friendly formats, especially those scraped
off the Web or extracted as images that have more
complex schemas and merged cells. CAPTR uses
SQL queries to extract columns and rows, so all
of the tables must be normalized to become SQL-
compatible. Merged cells are broken by a rule-
based algorithm: for every cell with attributes rows-
pan/colspan greater than 1, the cell is expanded, i.e.,
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replicated to fill all spanned rows/columns to create
a clean structure consisting of only regular cells.
Since these tables are in HTML, DOM traversal is
used to create the normalized tables. Additionally,
all column names are checked to prevent possi-
ble naming clashes with SQL keyword names (for
example, ‘SELECT’, ‘FROM’, ‘WHERE’), and
column names are renamed if necessary.

Offline Captioning. Each image cell is replaced
with a query-independent caption, converting the
multimodal table into a text-only table. Since
captions are generated once per table and reused
across all splits and multiple questions, this design
avoids the latency and scalability costs of query-
dependent captioning, making it more robust to
out-of-distribution queries. Because the captions
remain constant, the same index can be used for
row and column selection.

We evaluate three captioning strategies: (1)
Naive captions use surface-level descriptions, but
it fails to capture fine-grained features. (2) Detailed
captions contain fine-grained features about each
object in the image as well as its features, which en-
sures that all details detected by the vision encoder
are present in the text-only table. This makes the
text longer. (3) Short captions provide keywords
of the features. This acts like the middle ground
between naive and detailed captions in terms of
detail and length of text. We provide examples of
each captioning strategy in Appendix G.1

Column and Row Pruning. Following H-STAR,
we combine symbolic and semantic reasoning for
pruning because the two signals are complementary.
SQL works well for exact structural filtering, such
as selecting columns or rows that satisfy explicit
conditions, but it can struggle with fuzzy seman-
tics and numerical reasoning such as averaging and
counting. Semantic pruning is better at capturing
conceptually relevant content despite differences
in wording, such as pink, magenta, and fuchsia, but
it can also include irrelevant content due to cap-
tion ambiguity. We therefore take the union of the
SQL-selected and semantically selected columns
and rows, which helps reduce false negatives while
keeping irrelevant evidence out of the final context.

2.2 Stage 2: Multimodal Reasoning

After pruning, we restore the original images into
the remaining table cells and pass this compact mul-
timodal table to the MLLM. The interleaved rea-
soner is a natural choice here because it is designed

to process the table as a single prompt containing
both text and images, preserving the table struc-
ture while exposing every remaining image to the
model. In our setting, this means the model reads
the pruned table layout and sees the retained visual
evidence in context, rather than being forced to rea-
son over the full table with many irrelevant images.
This keeps the final reasoning stage grounded in the
selected evidence while benefiting from the origi-
nal visual signals that captions alone may miss.

3 Experiments

Benchmarks (1) MMTabQA. (Mathur et al.,
2024) is a large-scale benchmark for multimodal
tabular reasoning, created by replacing textual en-
tities with images across WikiSQL (Zhong et al.,
2017), WikiTableQuestions (Pasupat and Liang,
2015b), FeTaQA (Nan et al., 2022), and HybridQA
(Chen et al., 2020). (2) MMTabReal.(Titiya et al.,
2026) consists of real-world multimodal tables
where images naturally co-occur with text, hence
having messier structures like merged cells and
missing headers, providing a complementary set-
ting for evaluating CAPTR. Further details can be
found in Appendix A

We select these datasets because they contain
images directly within structured HTML/JSON
table cells rather than treating images and tables
separately (MultimodalQA (Talmor et al., 2021),
UniMMQA(Luo et al., 2023), SpiQA (Pramanick
et al., 2024)). Unlike MMTab (Zheng et al., 2024),
which uses table screenshots, this better reflects
how databases store images on a real world setting.

Both datasets include four question types: (1)
Explicit Questions (EQ) directly reference an en-
tity whose image is in the table; in (2) Answer-
Mention Questions (AQ), answers contain an en-
tity represented by an image in the table, while the
question does not explicitly mention this entity; (3)
Implicit Questions (IQ) are those where the image
is not directly mentioned, however it is required for
the intermediate reasoning; and (4) Visual Ques-
tions (VQ), which depend on visual attributes such
as color, shape, size, etc.

Baselines We compare CAPTR against the fol-
lowing baselines:
1) Partial Input. A text-only lower bound replac-
ing images with placeholders, requiring context-
based inference (Mathur et al., 2024). This base-
line isolates the contribution of visual grounding
and measures how much information can be in-
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ferred from text context and parametric knowl-
edge alone. 2) Interleaved Reasoner. A state-
of-the-art method that processes the full table as
interleaved text and images (Mathur et al., 2024;
Titiya et al., 2026). Since it operates over the com-
plete multimodal context without pruning, it serves
as a strong information-access baseline against
which context selection methods can be evalu-
ated. 3) Row-wise Retrieval. Retrieves top-
k relevant rows as images using ColQwen2 be-
fore reasoning (Faysse et al., 2025b). This tests
whether coarse-grained row-level pruning is suf-
ficient for reasoning. 4) Image+Text Retrieval.
Retrieves top-k rows separately via text and images
using ColQwen2, then merges them (Faysse et al.,
2025b). It evaluates whether modality-specific re-
trieval improves evidence coverage. 5) Sparse-
VLM. (Zhang et al., 2025c) A token compression
approach that prunes visual tokens using text-image
alignment. This provides a comparison against
token-level pruning methods, allowing us to com-
pare with structural pruning. 6) Weaver. (Khoja
et al., 2025) A modular pipeline that dynamically
combines SQL and LLMs for flexible table QA rea-
soning . It serves as a hybrid symbolic-neural base-
line, enabling comparison against systems that per-
form structured reasoning without pruning. More
details are in Appendix B.

We conduct every experiment using four mod-
els: Gemma-3-27B-Instruct (Gemma Team, 2025),
Gemma-4-31B-Dense (Team et al., 2026), Qwen3-
VL-32B-Instruct (Bai et al., 2025), and Qwen-3.5-
27B-Instruct(Qwen Team, 2026). More details on
compute, memory etc in Appendix E

We focus on open-source MLLMs for repro-
ducible evaluation of design choices. Efficiency is
important because locally deployed models quickly
exhaust VRAM when processing large multimodal
tables, especially under multi-user workloads.

Evaluation Metrics We identify two limitations
of exact-match evaluation of these datasets: (1)
semantically correct answers may score 0 if they
do not exactly match the gold string, especially for
AQ questions where answers come from images;
and (2) models may return equivalent answers in
different formats (e.g., abbreviations, full forms, or
sentences). Since lexical metrics such as substring
match do not fully address this (Table 14), we adopt
an LLM-as-a-Judge framework following (Zhang
et al., 2025b).

Because answers are typically short entities or

Prompt Model Gold EM

pick school/club team

139

Q: Which school or club team has a pick of
139?

southern
university
and a&m
college

southern 0

team best

1:43.134

Q: What is the team with the best of 1:43.134?

PDVSA minardi
team usa 0

Table 2: Examples highlighting limitations of exact
match (EM): semantically similar answers may be
marked incorrect, and required information may be ab-
sent from the image.

numbers, evaluation is framed as binary correct-
ness with prompts enforcing semantic equivalence.
Manual evaluation on 200 random samples shows
97% agreement with human annotation. For Fe-
TaQA, we retain ROUGE-L since long-form an-
swers make binary LLM-based grading less reli-
able. We show some failure cases and provide our
prompt in Appendix D

4 Results and Analysis
Performance across Baselines The baselines
present three common failure modes: (1) Row-wise
and image+text retrieval tend to retrieve similar
rows visually but cannot include supportive tabular
contexts like headers, neighbor cells, and symbolic
constraints. (2) SparseVLM reduces visual context
at the token level, but can remove useful visual
information even for simple visuals such as flags
and logos. Additionally, it prunes image tokens
during inference, and thus the whole context needs
to be fed into MLLM, resulting in similar issues
as mentioned in Section 1. (3) Hybrid pipeline
systems like Weaver have symbolic and semantic
reasoning capabilities for tables, but their design is
not suitable for multimodal reasoning of row and
column selection for arbitrary tables. These limi-
tations motivate CAPTR’s caption-based pruning,
which selects relevant rows and columns before
final multimodal reasoning.

Performance of CAPTR vs Baselines As shown
in Table 3, CAPTR shows consistent improvement
across all models and all question types. The
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Model Baseline MMTabQA-WikiTQ MMTabQA-WikiSQL MMTabQA-HybridQA MMTabReal

EQ AQ IQ VQ EQ AQ IQ VQ EQ AQ IQ VQ EQ AQ IQ VQ

ColQwen2
Retrieval

Row-wise 43.12 40.75 27.79 35.35 53.39 56.38 58.10 50.85 52.35 49.53 53.69 44.45 37.36 42.15 26.46 26.62
Image+Text 47.00 40.71 36.09 40.94 54.81 53.61 58.41 50.08 54.90 50.84 57.20 46.69 39.74 46.83 26.59 31.47

Gemma3

Partial Input 40.63 31.04 64.14 33.29 39.57 28.14 70.48 27.71 68.43 62.43 69.14 49.14 28.51 37.19 23.61 22.06
SparseVLM 35.71 36.43 32.00 33.29 43.29 38.71 52.38 34.86 60.71 53.00 59.43 39.86 34.71 35.26 23.61 28.09
WEAVER 22.47 27.80 46.26 21.71 37.86 48.43 65.08 19.18 58.14 29.64 62.00 62.16 28.31 31.01 17.15 19.85
Interleaved 62.86 51.86 67.00 55.86 63.00 57.43 74.60 62.14 74.43 68.00 73.71 57.14 43.24 46.56 30.94 33.68

CAPTR 67.29 55.00 67.86 57.14 64.29 64.43 75.56 64.29 77.71 68.57 81.00 67.29 44.77 47.66 31.6 34.71
∆x +4.43 +3.14 +0.86 +1.28 +1.29 +7.00 +0.96 +2.15 +3.28 +0.57 +7.29 +5.13 +1.53 +1.10 +0.66 +1.03

Gemma4
WEAVER 29.66 28.23 54.09 24.71 30.00 16.71 68.25 25.21 47.48 37.55 64.08 44.96 35.69 35.09 25.24 25.66
Interleaved 65.43 51.29 66.57 51.57 61.71 60.71 75.29 61.86 74.43 64.74 77.57 59.14 44.13 47.84 33.69 34.06

CAPTR 68.00 54.14 69.43 54.71 64.86 62.29 76.51 63.29 78.00 69.14 84.86 66.43 47.51 49.19 35.83 37.21
∆x +2.57 +2.85 +2.86 +3.14 +3.15 +1.58 +1.22 +1.43 +3.57 +4.40 +7.29 +7.29 +3.38 +1.35 +2.14 +3.15

Qwen3-VL

Partial Input 40.63 32.05 64.57 30.29 40.86 27.21 71.43 27.43 67.71 64.14 69.14 48.43 24.74 28.65 18.18 17.21
SparseVLM 59.00 48.71 67.14 53.71 61.00 54.14 73.65 59.14 72.43 66.57 74.86 56.43 32.91 36.06 22.39 26.03
WEAVER 28.14 34.78 45.74 21.71 43.86 48.29 60.32 34.25 44.00 31.43 56.71 32.43 28.97 29.36 22.10 21.80
Interleaved 64.00 51.00 66.14 54.43 62.71 58.43 75.24 63.57 73.00 66.29 75.71 58.43 38.75 38.84 29.85 32.79

CAPTR 70.14 54.71 70.14 58.00 65.71 62.00 77.06 65.86 81.86 71.86 82.14 63.29 43.38 41.87 31.21 35.15
∆x +6.14 +3.71 +4.00 +3.57 +3.00 +3.57 +1.82 +2.29 +8.86 +5.57 +6.43 +4.86 +4.63 +3.03 +1.36 +2.36

Qwen3.5

Partial Input 36.19 29.47 60.14 21.57 34.86 27.00 67.94 28.00 68.57 58.14 70.14 47.14 33.00 33.33 21.71 20.88
SparseVLM 58.57 47.43 63.63 51.43 60.43 55.57 71.29 60.86 71.57 66.86 71.38 55.71 33.74 36.65 23.24 27.21
WEAVER 27.57 21.88 48.17 18.28 28.71 16.14 60.32 24.93 48.92 36.55 64.08 44.14 31.97 35.64 23.69 22.86
Interleaved 59.43 50.57 64.86 49.57 65.00 58.00 75.24 60.00 75.43 65.14 76.29 62.86 46.21 47.66 33.24 35.00

CAPTR 66.71 56.29 70.29 54.71 67.14 63.13 77.06 62.86 83.00 70.43 83.86 64.43 49.13 49.63 34.85 36.03
∆x +7.28 +5.72 +5.43 +5.14 +2.14 +5.13 +1.82 +2.86 +7.57 +5.29 +7.57 +1.57 +2.92 +1.97 +1.61 +1.03

Table 3: Main results across models, datasets, and question types.

Model Baseline MMTabQA-FetaQA
EQ AQ IQ VQ

ColQwen2
Retrieval

Row-wise 0.52 0.32 0.42 0.48
Image+Text 0.53 0.33 0.43 0.49

Gemma3

Partial Input 0.32 0.31 0.27 0.26
SparseVLM 0.32 0.29 0.24 0.26
WEAVER 0.26 0.29 0.29 0.25
Interleaved 0.50 0.46 0.37 0.34
CAPTR 0.53 0.48 0.42 0.48

Gemma4
WEAVER 0.35 0.36 0.26 0.28
Interleaved 0.51 0.42 0.37 0.46
CAPTR 0.52 0.48 0.42 0.48

Qwen3-VL

Partial Input 0.49 0.40 0.37 0.26
SparseVLM 0.55 0.47 0.42 0.42
WEAVER 0.39 0.36 0.28 0.27
Interleaved 0.56 0.49 0.43 0.44
CAPTR 0.58 0.49 0.45 0.44

Qwen3.5

Partial Input 0.50 0.46 0.37 0.34
SparseVLM 0.55 0.48 0.43 0.42
WEAVER 0.38 0.34 0.34 0.32
Interleaved 0.56 0.49 0.43 0.44
CAPTR 0.58 0.49 0.45 0.44

Table 4: Results on MMTabQA-FetaQA.

gains are most pronounced on visually grounded
and multi-step reasoning queries, suggesting that
CAPTR is more effective in retaining structural
evidence in the process of pruning relevant rows
and columns than the baselines, which depend on
either coarse visual similarities or brittle prompting
mechanisms.

Performance of CAPTR across Models.
CAPTR improves over the interleaved reasoner in
most settings across all four MLLMs. The gains
are strongest on WikiTQ and HybridQA, where
selecting the correct evidence is most critical,
while the improvements remain consistent across
all question types for Gemma4, Qwen3-VL, and
Qwen3.5. This shows that caption-based pruning
is model-agnostic: it helps each model focus on the
relevant rows and columns before final multimodal
reasoning.

Performance of CAPTR across Question Types.
CAPTR shows the largest gains on EQ and IQ
question types, particularly on WikiTQ and Hy-
bridQA. For EQ, improvements include +8.86
for Qwen3.5 on WikiTQ and +8.86 for Qwen3-
VL on HybridQA, while IQ gains reach +7.57
for Qwen3.5, +7.29 for Gemma3, and +6.43 for
Qwen3-VL on HybridQA. Gemma4 also benefits
substantially from the pruning stage, especially
on relation-heavy EQ and IQ settings. AQ gains
are strongest on WikiSQL, with improvements of
+7.00 for Gemma3 and +5.13 for Qwen3.5. Al-
though VQ gains are smaller, they remain consis-
tent across all four models and datasets, including
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Model Setting MMTabQA-WikiTQ MMTabQA-WikiSQL MMTabQA-HybridQA MMTabReal
EQ AQ IQ VQ EQ AQ IQ VQ EQ AQ IQ VQ EQ AQ IQ VQ

Gemma3
w/Img 67.29 55.00 67.86 57.14 64.29 64.43 75.56 64.29 77.71 68.57 81.00 67.29 44.77 46.56 31.6 34.71
w/o Img 55.00 53.86 53.71 54.29 60.00 61.43 69.84 62.43 73.14 66.86 75.00 64.43 43.74 44.35 28.29 31.53
∆ -12.29 -1.14 -14.15 -2.85 -4.29 -3.00 -5.72 -1.86% -4.57 -1.71 -5.00 -2.86 -1.03 -2.21 -3.31 -3.18

Gemma4
w/Img 68.00 54.14 69.43 54.71 64.86 62.29 76.51 63.29 78.00 69.14 84.86 66.43 47.51 49.19 35.83 37.21
w/o Img 66.86 51.86 60.86 51.71 57.86 57.00 69.52 60.86 73.29 60.43 79.84 62.29 45.14 46.57 33.86 35.29
∆ -1.14 -2.28 -8.57 -3.00 -7.00 -5.29 -6.99 -2.43 -4.71 -8.71 -5.02 -4.14 -2.37 -1.97 -2.14 -1.92

Qwen3-VL
w/Img 70.14 54.71 70.14 58.00 65.71 62.00 77.06 65.86 81.86 71.86 82.14 63.29 43.38 41.87 31.21 35.15
w/o Img 59.00 50.14 61.57 50.43 59.29 56.43 70.79 54.29 75.00 68.29 73.29 62.00 38.08 37.19 27.00 28.38
∆ -11.14 -4.57 -8.57 -7.57 -6.42 -5.57 -6.27 -11.57 -6.86 -3.57 -8.85 -1.29 -5.30 -4.68 -4.21 -6.77

Qwen3.5
w/Img 66.71 56.29 70.29 54.71 67.14 63.13 77.06 62.86 83.00 70.43 83.86 64.43 49.13 49.63 34.85 36.03
w/o Img 59.14 52.57 55.14 52.86 61.71 58.29 72.06 60.71 73.29 65.14 74.14 59.29 39.20 39.67 28.36 28.82
∆ -7.57 -3.72 -15.15 -1.85 -5.43 -4.84 -5.00 -2.15 -9.71 -5.29 -9.72 -4.86 -9.93 -9.96 -6.49 -7.21

Table 5: Captioning strategy ablation with and without image reintroduction (w/ vs w/o).

Model Cap. MMTabQA MMTabReal
%R %C %T %R %C %T

Gemma3
Naive 66.60 52.41 79.23 55.20 60.03 77.92
Short 67.13 52.24 79.15 56.78 60.06 70.64
Det. 65.21 52.39 76.65 56.27 59.67 74.19

Qwen3-VL
Naive 68.50 52.51 79.92 48.40 59.33 74.01
Short 67.70 50.80 79.28 50.28 59.15 74.23
Det. 65.13 52.49 76.22 50.60 59.23 70.62

Qwen3.5
Naive 68.42 52.87 79.86 60.36 60.24 80.40
Short 69.29 52.89 79.90 60.28 59.91 80.19
Det. 69.18 52.91 78.28 62.21 60.6 77.03

Table 6: Effect of pruning across two datasets. %R, %C,
and %T denote the percentage of rows, columns, and
tokens removed relative to the original table.

MMTabReal, showing that pruning preserves vi-
sual reasoning ability. Overall, CAPTR is most
effective when accurate evidence selection is re-
quired, while still improving visually grounded
tasks.

Effect of Captions and Pruning The pruning
stage is effective because it preserves only task-
relevant evidence while removing most of the ir-
relevant context. On MMTabQA, CAPTR keeps
roughly 66–69% of rows, 50–53% of columns, and
76–79% of tokens, while on MMTabReal it retains
48–62% of rows with a more aggressive token re-
duction of 70–80%. This indicates that CAPTR
is especially useful on dense, image-heavy tables,
where most cells are irrelevant to the query. Among
caption styles, the naive keyword-style captions
perform best at pruning, consistently outperform-
ing the short and detailed variants by 1–4 points,
suggesting that compact, unstructured descriptors
are more discriminative for relevance detection
than either sparse or verbose captions.

Image Reintroduction Captions act as cheap tex-
tual proxies that let us prune the table under a much
smaller context budget than the full interleaved ta-
ble would require. However, they may fail to cap-

Model Dataset Original CAPTR ∆

Gemma3 MMTabQA 4550.16 3040.57 33.2%
MMTabReal 6134.21 4244.11 30.8%

Qwen3-VL MMTabQA 4548.84 2936.55 35.4%
MMTabReal 6068.93 5921.47 2.4%

Qwen3.5 MMTabQA 4562.95 2929.72 35.8%
MMTabReal 6139.24 4243.38 30.9%

Table 7: Token usage of the original multimodal table and
CAPTR’s end-to-end pipeline. ∆ denotes the percentage re-
duction in tokens relative to the original table.

ture all fine-grained visual information, such as col-
ors, positioning of elements, number values, and
chart visualizations. Hence, after caption-based
pruning, we replace the captions with their origi-
nal images. The MLLM then attends only to the
small set of relevant images rather than all images
in the table. As shown in Table 5, incorporating
the original images after pruning improves over-
all QA accuracy by up to 15%. The largest gains
are observed for IQ and VQ question types, where
access to both the exact image provides the infor-
mation necessary for reasoning. This also explains
why in some cases the performance on caption-only
pruned tables is lower than that of the original table,
despite pruning a large chunk of the table.

End-to-End Token Consumption Table 7 sum-
marizes the overall token cost of CAPTR over the
complete pipeline, including table normalization,
offline captioning, column and row pruning, and
the final multimodal reasoner after image reintro-
duction. The savings therefore measure the com-
bined effect of pruning and reintroduced-image se-
lection, rather than the cost of the final pass alone.
On MMTabQA, CAPTR reduces token usage by
30.8–35.8% across models.

Peak Memory Usage Reduction Table 8 shows
the memory benefits of pruning. For a represen-
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Model Peak VRAM (GB) Memory Saved
(GB)

Original CAPTR

Gemma3 84.35 66.32 18.03
Gemma4 74.23 66.80 7.43
Qwen3-VL 79.39 71.19 8.20
Qwen3.5 67.39 61.19 6.20

Table 8: Peak VRAM usage of the original multimodal table
versus CAPTR after context pruning and image reintroduction.
Includes model weights.

Model MTD.
Ent. +
Chart

Ent. +
Map Maps

Mult.
Charts

Mult.
Entities

Single
Chart

Single
Entity Viz

Gemma3

Int. 58.33 46.37 32.85 29.09 39.94 29.71 41.43 32.39
Det. 61.11 47.41 39.42 29.09 40.17 32.59 47.68 38.03
Naive 58.33 45.60 31.39 30.30 43.10 35.46 40.10 30.99
Short 57.22 40.93 32.12 26.67 37.15 29.39 42.02 37.68

Qwen3-VL

Int. 53.67 44.53 34.42 31.56 39.47 35.13 43.43 35.19
Det. 55.56 45.85 36.50 41.82 41.22 42.81 44.96 41.90
Naive 52.78 45.60 32.85 29.70 42.20 33.23 45.62 39.08
Short 58.33 52.59 43.07 44.85 47.85 42.49 51.57 41.55

Qwen3.5

Int. 54.78 41.47 38.78 35.77 40.55 38.65 43.19 35.19
Det. 55.56 46.63 41.61 42.42 43.20 42.81 48.79 45.07
Naive 50.00 39.56 25.00 41.82 41.60 38.10 43.38 42.05
Short 63.89 53.37 43.80 42.22 46.87 43.13 50.70 46.83

Table 9: Performance breakdown across different table
types for MMTabReal.

tative 25× 18 table with 324 images, CAPTR re-
duces the context from 66,592 multimodal tokens
to 10,588 caption tokens, then to 7,462 multimodal
tokens after reintroducing relevant images. This
substantially reduces peak VRAM usage across
all models, with savings of 6.20 to 18.03 GB.
The largest gain is observed for Gemma3, where
the original multimodal table is most memory-
intensive, showing that caption-guided pruning can
reduce inference cost while preserving answer qual-
ity.

Robustness across Table Types Table 9 shows
that CAPTR improves the performance across all
the table types in MMTabReal. Tables are catego-
rizes into eight types: (1) Single Entity, containing
a single entity type such as persons, flags, or maps;
(2) Multiple Entities, containing combinations of
entities such as person+flag; (3) Single Chart, con-
taining one chart type such as bar or pie charts; (4)
Multiple Charts, containing multiple chart types
within the same table, e.g., bar+line charts; (5) En-
tity+Chart; (6) Entity+Map; (7) Maps Only; and
(8) Visualizations.

While detailed captions are preferable for en-
tity and map-oriented tables, where maintaining
more context can be helpful in choosing the correct
evidence during the pruning step, short captions
perform better on dense visuals such as multi-chart

Model Dataset Selector Remover ∆

Gemma3

WikiTQ 56.62 49.72 +6.90
WikiSQL 62.42 62.86 -0.44
HybridQA 65.27 67.43 -2.16
FeTaQA 48.05 47.18 +0.87

Gemma4

WikiTQ 56.72 53.40 +3.32
WikiSQL 62.56 62.33 +0.23
HybridQA 67.61 66.07 +1.54
FeTaQA 50.48 49.75 +0.73

Overall Average 60.73 58.59 +2.14

Table 10: Comparison of selection and removal across
datasets. Results are averaged over EQ, AQ, IQ, and VQ.
∆ denotes the improvement of Selector over Remover.

tables. Overall, the breakdown demonstrates that
CAPTR remains robust across diverse table types,
while also indicating that no single captioning strat-
egy consistently performs best for every table type.

5 Ablations

How Captioning Strategy affects pruning Two
trends are observed in Table 32 from the three cap-
tioning approaches (Naive, Short, and Detailed).
First, caption style determines the efficiency of
pruning: the Detailed caption allows for more se-
vere pruning, while Short captions preserve more
rows and tokens (Table 6). This is because the se-
mantic pruner can identify which part of the table
is relevant. Secondly, caption quality has different
impacts on the downstream QA task depending on
the model and the question type: Short and De-
tailed captions with the reintroduction of the image
consistently obtain higher QA results compared
to Naive captions, even though the latter performs
well at the pruning stage.

While captioning enables efficient context reduc-
tion, naive captions in particular produce sparse
descriptions that miss important visual cues, lead-
ing to accidental pruning of relevant images that
are important for intermediate reasoning and down-
stream QA.

Selecting vs. Removing Pruning can be con-
sidered as either selection or removal. Table 10
presents the performance comparison for both
methods using Gemma3. While removal seems to
be safer due to the ambiguity of content, selection
is a superior method. Selection shows significant
improvements on MMTabQA-WikiTQ with an av-
erage gain of 6.95 across all types of questions,
while slightly improving FeTaQA with ROUGE-L
0.014. On WikiSQL and HybridQA, the results
vary depending on the type of questions, and re-

19195



MMTabQA MMTabReal

Model Col SQL Col Sem. Col Union Row SQL Row Sem. CAPTR Col SQL Col Sem. Col Union Row SQL Row Sem. CAPTR

Gemma3 54.85 54.72 56.02 64.57 66.80 67.54 35.42 37.66 38.03 39.33 39.53 42.14
Gemma4 64.15 61.06 65.69 66.77 66.00 67.69 38.21 39.17 40.86 42.31 42.58 44.90
Qwen3-VL 60.65 60.95 66.07 67.28 68.19 68.79 34.87 36.91 37.84 38.96 39.41 40.28
Qwen3.5 65.77 66.92 67.13 67.51 67.81 68.49 39.62 40.17 42.83 44.51 44.02 45.59

Table 11: Comparison of column- and row-based context selection strategies with CAPTR on MMTabQA and
MMTabReal.

Figure 2: Error Distribution

moval proves to be effective for some types of
questions. In other words, although LLMs have
a greater ability to recognize which information
they need rather than to know which information
is not required, the outcome highly depends on the
dataset configuration. Thus, CAPTR implements
selection as its pruning technique.

Effect at each stage Table 11 makes the stage-
wise contribution of CAPTR explicit. Column-
level SQL and semantic pruning alone are both
incomplete: SQL is strong for exact structural
matches but misses fuzzy semantic relations and
lexical variants, while semantic pruning alone is
less reliable for exact filtering and symbolic con-
straints. The column union therefore acts as a cov-
erage step, yielding a better evidence set than either
method alone. The same pattern continues at the
row level: after the column union has reduced the
search space, row SQL and row semantic selection
are applied on this smaller table, and the row-level
union further removes remaining distractors. This
sequential design matters: the row stages are not
independent alternatives, but a second filtering pass
over the already-pruned table. As a result, the full
CAPTR pipeline consistently exceeds any single

stage, confirming that SQL and semantic selection
are complementary rather than redundant.

6 Error Analysis

To understand where CAPTR fails, we randomly
selected 30 failure cases by the model for each split
(total of 600 unique questions) and classified each
error into one of seven categories: (1) entity confu-
sion - the wrong selection of a nearby entity/row;
(2) partial extraction - the answer is incomplete; (3)
counting/aggregation mistake - calculation errors
made by the model; (4) format leak - the output
is still a draft version that includes the reasoning
or the parts of the SQL query; (5) unsupported/u-
nanswered - the question cannot be answered or
there’s no answer available due to overpruning or
poor reasoning; (6) over-inclusion - there are some
additional elements included besides those from
the actual answer; (7) OCR/image reading mistake.
Figure 2

Key Patterns and Insights. CAPTR mostly clus-
ters errors in terms of entity confusion and par-
tial extraction. Entity confusion remains dominant
among all data splits, whereas over-inclusion domi-
nates in Qwen3.5. The biggest impact made by the
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CAPTR is that the remaining errors become more
semantically oriented as opposed to being general
structural mistakes. Gemma3 is the most stable
when it comes to CAPTR. Qwen3-VL exhibits a
slightly more varied error spectrum, where apart
from entity confusion, there are format leaks and
refusals.

7 Related Works
Tabular Reasoning. LLM-based table QA sys-
tems combine semantic reasoning, symbolic exe-
cution, and hybrid SQL-LLM pipelines (Wei et al.,
2022; Liu et al., 2024; Zhu et al., 2024; Wu and
Feng, 2024; Wang et al., 2025). Methods such
as H-STAR (Abhyankar et al., 2025), ALTER
(Zhang et al., 2025a), and WEAVER (Khoja et al.,
2025) select or reason over relevant regions of tex-
tual tables using SQL execution, semantic filtering,
or modular execution plans. These systems provide
strong structure-aware reasoning modules, but they
assume textual cell values and therefore cannot
directly prune or reason over image cells.

Multimodal Tabular Reasoning. Recent bench-
marks such as MMTabQA (Mathur et al., 2024) and
MMTabReal (Titiya et al., 2026) expose the need to
reason jointly over table structure, text, and embed-
ded visual content. Existing methods address differ-
ent parts of this setting. Table-LLaVA (Zheng et al.,
2024) focuses on structured recognition from ren-
dered table images, while HProPro (Shi et al., 2024)
uses code generation for multimodal table reason-
ing but processes the full context. Training-based
approaches improve structure awareness: TURBO
(Jiang et al., 2026) uses structured table data as
privileged supervision, and DiSCo with Table-GLS
(Zhu et al., 2026) separates structural abstraction
from semantic grounding. These methods improve
multimodal table understanding, but they do not
provide an inference-time context-pruning mecha-
nism for large multimodal tables.

Multimodal Context Reduction. Most MLLM
context-reduction methods compress visual to-
kens inside images rather than remove semanti-
cally irrelevant table regions. A recent survey
(Shao et al., 2025) categorizes these methods into
transformation-, similarity-, attention-, and query-
based approaches. Methods such as FastV and
PyramidDrop (Xing et al., 2025) prune visual to-
kens using attention or staged compression, while
SparseVLM (Zhang et al., 2025c), AdaFV (Han
et al., 2025), and TRIM (Song et al., 2025) use text-

image alignment to remove patch tokens. These
methods reduce visual-token cost, but they do not
perform semantic row-column selection. Retrieval
models such as ColPali and ColQwen2 (Faysse
et al., 2025a) operate at a coarser granularity by
retrieving pages or rows from visual embeddings,
but they do not explicitly model table operations or
row-column dependencies.

CAPTR fills this gap by using captions as a
pruning-only proxy: it performs semantic row-
column selection before final multimodal reason-
ing, rather than compressing patch tokens, retriev-
ing visually similar rows, or pruning text-only ta-
bles. To our knowledge, CAPTR is the first multi-
modal table context-reduction method to improve
performance, establishing caption-based pruning
as a reliable paradigm.

8 Conclusion

In this work, we propose CAPTR - a caption-based
approach to context pruning for multimodal tab-
ular reasoning that addresses the scalability and
memory bottleneck of multimodal inference, where
most questions can be answered using only a few
rows and columns rather than the full table. With
the help of query-independent captions, CAPTR
prunes irrelevant evidence before restoring the cor-
responding images for final reasoning. This demon-
strates that structure-aware context pruning can im-
prove the scalability and efficiency of multimodal
reasoning while preserving accuracy. For the four
MLLMs considered, CAPTR manages to signifi-
cantly decrease token usage by 70-80% while out-
performing the full interleaved reasoner by up to
8%. More broadly, our findings suggest that careful
evidence selection is a general principle for scal-
able multi-image reasoning, not just a task-specific
optimization.

Future work includes extending CAPTR to doc-
ument and video QA, as well as multilingual and
domain-specific settings involving technical termi-
nology and complex visual content. The results
and error analysis also suggest opportunities for
fine-tuning MLLMs to improve SQL-based and se-
mantic pruning, including post-pruning adaptation
for multimodal table QA. Finally, integrating more
advanced table transformation methods (Nahid and
Rafiei, 2024; Li et al., 2025; Najpande et al., 2026)
could improve compatibility with SQL-based prun-
ing, reduce reliance on semantic pruning, and lower
token costs.
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Limitations

Since CAPTR uses query-independent captions as
the basis for the pruning phase, it performs poorly
whenever the critical information is encoded using
pixels rather than words. This is the case with
small bits of text in a table, labels and notes in
graphs, keys to legends, logos, stamps, and visual
attributes like colors and shapes. In such situations,
the pruning phase will effectively filter out any
hint distinguishing the right row/column from a
potential alternative.

Another limitation is semantic row pruning,
which requires providing the entire column-pruned
captioned table to the LLM used for row pruning.
Although this increases token usage at this stage,
it is necessary because query-independent linking
between captions and images is highly challenging.
For example, in Figure 1, the query asks "What
is the cost of the item having the darkest shade of
pink?" while the relevant caption may instead use
terms such as magenta, rose, fucsia, or flamingo.
Moreover, this step is performed after column prun-
ing, which already reduces the overall token count.

Our evaluation focuses on accuracy and on how
much the table is pruned %peak per-example con-
text length (the maximum across all pipeline stages)
rather than end-to-end latency. Because CAPTR
distributes work across multiple LLM calls, a fair
wall-clock comparison against single-call baselines
depends on serving choices (batching, caching,
model co-location) that are orthogonal to our re-
search questions, and we leave such analysis to
future work.

Ethical Statement

We note several potential risks associated with this
work. First, models may reflect or amplify biases
present in their training data, which can lead to un-
fair or inaccurate outputs. Second, applying these
methods to tables containing private or sensitive
information could result in privacy harms. To mit-
igate these risks, we recommend limiting the use
of these methods to research settings and requiring
human review before deploying outputs in high-
stakes or decision-making contexts.

All datasets and tools used in this work are pub-
licly available and open source, and our use of
these artifacts was consistent with their intended
purposes and applicable licenses. The datasets em-
ployed do not contain private, sensitive, or offen-
sive content. For the artifacts released as part of

this work, we intend them solely for research and
evaluation purposes. Any derivatives of the ac-
cessed data should remain within research contexts
and should not be redistributed in ways that vio-
late the terms of the original datasets. Additionally,
we used AI-assisted writing tools to improve the
clarity and readability of the manuscript by obtain-
ing feedback and suggestions during the writing
process.
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A Dataset Statistics

We summarize the datasets and question-type cov-
erage used in our experiments. The collections
combine tables with varying amounts of visual con-
tent and structural complexity; Table 12 reports
the number of evaluation questions per dataset and
split, while Table 13 lists the distribution of table
types.

Dataset EQ AQ IQ VQ

WikiTQ 700 700 700 700
WikiSQL 700 700 700 700
HybridQA 700 700 700 343
FeTaQA 700 700 700 700
MMTabReal 2232 737 685 365

Table 12: No of Queries per Dataset split.

Table Type Number

entity+map 44
entity+chart 4
multiple_charts 23
single_chart 45
maps 17
viz 43
single_ent 169
multiple_ents 155

Table 13: Distribution of table types (from folders.json).

B Baselines

We provide additional implementation details and
design choices for all baselines.

B.1 Partial Input

All images are replaced with deterministic place-
holders of the form ENTITY-N, preserving posi-
tional structure while removing visual content. We
adopt the 8-shot prompting setup from Mathur
et al. (2024) to ensure comparability. This baseline
serves as a strict lower bound, capturing how much
the model can infer from text alone. Performance
in this setting reflects how well the model can re-
cover missing entities from the surrounding table
context, as well as whether it can correctly guess
or reconstruct the missing information. It also pro-
vides a rough measure of the model’s parametric
knowledge, including whether it has been exposed
to similar data during training.

B.2 Interleaved Reasoner

We follow Mathur et al. (2024); Titiya et al. (2026)
and serialize the full table as an interleaved se-
quence of text cells and images, processed end-to-
end by the MLLM. We use the same 8-shot prompt-
ing configuration for fairness. This setup represents
an upper bound in terms of information access but
is inefficient due to long context length and redun-
dant visual tokens. Any improvements over this
baseline indicate more effective information selec-
tion rather than increased capacity.

B.3 Row-wise Retrieval

Each table row is rendered as a single image, and
ColQwen2 (Faysse et al., 2025b) is used to retrieve
the top-k most relevant rows given the query. We
set k = 5, balancing recall and context budget:
smaller k risks omitting relevant evidence, while
larger k increases noise and token cost. The re-
trieved rows are passed to the Interleaved Reasoner.
This baseline tests whether coarse-grained prun-
ing at the row level is sufficient for multimodal
reasoning.

B.4 Image+Text Retrieval

We independently retrieve top-k rows using (i) text
similarity and (ii) image relevance via ColQwen2
(Faysse et al., 2025b), and take the union of both
sets. We again use k = 5 for each modality, re-
sulting in up to 2k rows before deduplication. This
design improves recall over single-channel retrieval
but may introduce redundancy. It evaluates whether
separating modality-specific retrieval signals yields
better coverage than unified ranking.
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B.5 SparseVLM

We apply SparseVLM (Zhang et al., 2025c) on top
of the interleaved representation, pruning visual to-
kens within images based on text-image alignment
scores. This operates at a finer granularity than row
filtering, reducing visual token count while pre-
serving potentially relevant regions. The original
method is designed for a LLaVA-based architec-
ture; however, since we work with Gemma, direct
token removal is not supported. Instead, tokens
identified for pruning are replaced with the average
of the remaining visual tokens. This issue does
not arise in the Qwen family, but we adopt this
modification for fairness and to enable a consistent
comparison across models.

We further cap pruning at a maximum of 30% of
visual tokens per image. This choice is motivated
by the fact that multiple images are associated with
each table; higher pruning rates tend to remove
useful information, while lower rates provide lim-
ited compression benefits. This baseline allows us
to compare CAPTR against token-level compres-
sion methods and assess whether structural pruning
(ours) is more effective than intra-image sparsifica-
tion.

B.6 Weaver

Weaver (Khoja et al., 2025) is a modular pipeline
that decomposes queries into step-by-step execu-
tion plans combining SQL operations and LLM-
based reasoning. Structured components (e.g., fil-
tering, aggregation) are handled via SQL, while
semantic understanding is delegated to the LLM.
Originally, Weaver is not designed for multimodal
inputs; however, in our setup we extend it by in-
troducing an MLLM-based reasoning module to
handle visual and textual information jointly.

Unlike our setting, Weaver assumes access to
structured tables and focuses on hybrid execution
rather than multimodal pruning. We use default
configurations as reported in prior work. This base-
line provides insight into how far hybrid symbolic-
neural pipelines can go without explicit multimodal
selection mechanisms.

C Captioning Examples

This section shows representative caption styles
used in the pruning stage (Naive, Detailed, Short).

C.1 Example 1: Image of a Logo of a Football
Club

Figure 3: Example of a logo being captioned

Naive VARBERG FOTBOLL FRIDROTT
GYMNASTIK

Detailed A circular logo featuring the letters “V”
and “F” prominently displayed within a diamond
shape. The diamond is divided into four quad-
rants, colored red and blue diagonally. The letter
“V” is white and centered on the blue quadrant,
while the letter “F” is white and centered on the red
quadrant. The letters “G” and “I” are also white
and appear on the remaining red and blue quad-
rants respectively. The diamond is encircled by
two golden rings. Above the circle, curved text
reads “VARBERG” in bold, dark letters. Below the
circle, curved text reads “FOTBOLL • FRIIDROTT
• GYMNASTIK” in smaller, dark letters. The over-
all color scheme is dominated by red, blue, gold,
and white.

Short Varberg, logo, football, gymnastics, crest,
blue, yellow, red, square, circle
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C.2 Example 2: Image of a Flag of a US State

Figure 4: Example of a flag being captioned

Naive The state flag of Arizona.

Detailed The official state flag of Arizona, di-
vided horizontally into two equal halves. The bot-
tom half is a solid field of dark liberty blue. The
top half features thirteen alternating rays of red and
yellow that radiate from a central focal point, repre-
senting an Arizona sunset. Superimposed directly
over the center of the flag is a large, five-pointed
star colored in a solid copper-orange to represent
Arizona’s copper mining industry.

Short Arizona flag, copper star, sun rays, yellow,
red, dark blue, southwest, emblem

C.3 Prompts for Image Captioning

Naive Caption Generation Prompt

Summarise this picture in 10 words or less.
Do not include any text other than the cap-
tion and do not ask any follow-up questions.
Your answer should only include the cap-
tion.

Detailed Caption Generation Prompt

Your task is to generate a detailed, struc-
tured caption for an image that is part of a
table. The caption should describe the main
objects in the image, their attributes, and
any relationships between them. Do not
include any text other than the caption itself.

Table Context: Column Headers and
Table Title

Row Context: Entire Row Provided

Gold Answer Model Answer EM Sub.
Match

LLM
Judge

IBM International
Business Machines

0 0.18 1

Southern University
and A&M College

The student attends
Southern University.

0 0.51 1

Minardi Team USA Team USA
motorsport team

0 0.40 0

1:43.134 1 min 43.134 sec 0 0.58 1

Technical University
of Darmstadt

Darmstadt Technical
University

0 0.75 0

Michael Gary Scott Micael J Scott 0 0.81 0

Table 14: Evaluation of lexical vs. semantic metrics.

Given this context, please provide a detailed
caption for this image that is part of the
image_column_header column:

Short Caption Generation Prompt

Your task is to generate a short caption for
an image within a table cell. Output ONLY
a comma-separated list of 3-7 keywords
that describe the image content. These
keywords should describe the main visual
elements of the image, prioritizing those
most relevant to the data in the image’s
corresponding table row. Output format:
keyword1, keyword2, keyword3, ..

Table Context: Column Headers and
Table Title

Row Context: Entire Row Provided

Based on the table and row context, gen-
erate a comma-separated list of keywords
for the following image from the im-
age_column_header column. Output only
the keywords and nothing else.

D LLM-as-a-Judge

This section includes the LLM-as-a-Judge prompt
used to evaluate semantic equivalence between
model and oracle answers.

LLM-as-a-Judge Prompt

You are an impartial, precise, and expert
judge.
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Your task is to evaluate the factual correct-
ness of a model’s response against an oracle
(ground-truth) answer in the context of a
question asked about a table.
Background Information
The model being evaluated answers ques-
tions based on a table where some cells con-
tain images (e.g., logos, photos) instead of
text.
The Oracle Answer represents the ground-
truth entity or fact originally contained in
the cell.
The model must interpret the image to iden-
tify this information.
Crucially, the Oracle Answer is only one
possible textual realization of the underly-
ing information.
Your goal is to determine whether the Model
Answer identifies the same underlying en-
tity or fact.
Input Data

• Table Metadata: {table_metadata}

• Question: {question}

• Oracle Answer (Ground Truth):
{oracle_answer}

• Model Answer (Prediction):
{our_answer}

Evaluation Criteria
You must determine whether the Model An-
swer is CORRECT or INCORRECT.
The prediction is CORRECT if and only
if:

1. Factual Accuracy: The answer cor-
rectly addresses the question based on
the ground truth.

2. Equivalence: The answer identifies
the exact same entity, value, or fact as
the Oracle Answer.

Guidelines for Equivalence and Speci-
ficity

1. Named Entities (organizations, peo-
ple, locations, etc.)

• The Model Answer does not need
to match the specificity of the Or-
acle Answer as long as it correctly

and unambiguously identifies the
same entity.

• Accept synonyms, acronyms, full
names, or commonly recognized
alternative names.

• Over-specification is acceptable
if the same entity is identified.

• Under-specification is acceptable
only if the entity remains unam-
biguous in context.

2. Numerical and Date Information

• Numerical values and dates must
match exactly, although format-
ting variations are acceptable.

3. Formatting and Phrasing

• Minor punctuation or phrasing
differences are acceptable if the
meaning is preserved.

The prediction is INCORRECT if:

1. A different entity or value is identified.

2. The response contains unrelated hallu-
cinated facts or unsupported details.

3. The response is too ambiguous or
overly general to determine the in-
tended entity.

Instructions

1. Analyze the Question and Oracle An-
swer to identify the required entity or
fact.

2. Compare the Model Answer against
the Oracle Answer using the equiva-
lence rules.

3. Provide a detailed step-by-step chain-
of-thought explaining the reasoning.

4. Explicitly discuss naming or speci-
ficity variations and explain whether
they are acceptable.

5. Conclude with one of the following
exact verdicts:

• [[CORRECT]]

• [[INCORRECT]]
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Type Max Output Tokens
Naive 50
Detailed 250
Short 50

Table 15: Caption

E Implementation Details

This section describes the runtime environment,
major libraries, and high-level inference settings
used in our experiments.

We use vLLM (Kwon et al., 2023) for inference.
Generation hyperparameters were kept consistent
across all experiments to avoid tuning bias: max-
imum output length is capped at 1500 tokens per
call, temperature is set to 0.1, nucleus sampling
uses p = 0.95, and we use a small top-k of 0.4
with a repetition penalty of 1.0. With Gemma
3 27B (Gemma Team, 2025), CAPTR runs on
a single H200 GPU and achieves approximately
1500 output tokens per second; for the much longer
interleaved-reasoner prompts generation speed is
typically between 50 and 100 tokens per second.
SQL- and symbolics-based pruning steps use con-
servative execution limits (single-query row caps
and timeouts) to avoid uncontrolled scans during
preprocessing. All captions were created using
Gemma3, and Table 15 shows the following decod-
ing settings.

All models used are standard non-thinking mod-
els

F Weaver Failures

The original Weaver pipeline includes a plan ver-
ification step after the planner stage, in which a
second LLM call reviews and refines the generated
reasoning plan before code execution. To assess
whether this step is beneficial in our multimodal
setting, we ran a controlled ablation on 500 ques-
tions (25 per question type across MMTabQA and
MMTabReal datasets), stratified equally across Ex-
plicit, Answer-Mention, Implicit, and Visual ques-
tion types, using Qwen3.5-32B-Instruct as the ver-
ifier model and the same normalized exact-match
metric used for both.

As shown in Table 16, the verifier improves per-
formance on Explicit questions (+4.8pp overall),
where plan structure is straightforward, but con-
sistently degrades Implicit (−7.2pp) and Visual
(−7.2pp) question types, precisely those requir-
ing multi-step reasoning over image-bearing cells.

Dataset Q Type W/ Verifier W/o Verifier ∆ (pp)

WikiTQ

EQ 28.0 36.0 −8.0
AQ 20.0 20.0 0.0
IQ 52.0 52.0 0.0
VQ 12.0 8.0 +4.0
Total 28.0 29.0 −1.0

WikiSQL

EQ 32.0 40.0 −8.0
AQ 8.0 20.0 −12.0
IQ 44.0 64.0 −20.0
VQ 20.0 40.0 −20.0
Total 26.0 41.0 −15.0

HybridQA

EQ 60.0 52.0 +8.0
AQ 32.0 32.0 0.0
IQ 52.0 64.0 −12.0
VQ 36.0 44.0 −8.0
Total 45.0 48.0 −3.0

FeTaQA

EQ 40.0 24.0 +16.0
AQ 28.0 16.0 +12.0
IQ 28.0 28.0 0.0
VQ 28.0 40.0 −12.0
Total 31.0 27.0 +4.0

MMTabReal

EQ 36.0 20.0 +16.0
AQ 16.0 32.0 −16.0
IQ 28.0 32.0 −4.0
VQ 20.0 20.0 0.0
Total 25.0 26.0 −1.0

Table 16: Weaver verifier ablation across datasets and
question types (Qwen3.5). All values are accuracy (%).
W/o Verifier corresponds to the Weaver results reported
in the main paper.

We attribute this to two failure modes: the veri-
fier tends to oversimplify plans that require subtle
visual lookups, and for Implicit questions, it fre-
quently misidentifies the correct reasoning chain
when answers must combine visual and textual evi-
dence. WikiSQL shows the largest drop (−15.0pp),
while FeTaQA is the only dataset with a net benefit
(+4.0pp), consistent with its text-heavy, free-form
answer style. Given that three of four question
types are hurt and the aggregate effect is −3.2pp,
we omit the verifier from the Weaver baseline re-
ported in the main paper.

G Additional Results

This appendix contains extended tables, break-
downs, and ablation details to aid reproducibility.
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G.1 Effect of pruning for MMTabQA across
all Data Splits and all captioning strategy

G.1.1 MMTabQA-WikiTQ

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 63.69 73.52 58.58 66.81
Cols 62.97 62.17 65.23 59.86
Tokens 82.27 85.65 83.91 81.64

Qwen3-VL
Rows 65.57 81.00 67.32 62.59
Cols 64.41 64.33 35.34 61.46
Tokens 83.42 90.20 87.20 80.06

Qwen3.5
Rows 68.95 71.83 60.95 67.42
Cols 64.53 62.31 66.17 61.51
Tokens 84.75 85.61 84.70 82.73

Table 17: WikiTQ-Short: Effect of pruning different
components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 64.36 72.94 56.52 65.59
Cols 63.59 62.96 65.25 60.03
Tokens 79.19 83.42 82.22 77.78

Qwen3-VL
Rows 63.79 80.91 67.07 56.61
Cols 64.18 62.26 64.56 60.97
Tokens 79.01 88.72 85.25 74.17

Qwen3.5
Rows 69.89 70.85 60.45 66.72
Cols 65.23 62.62 66.34 60.85
Tokens 82.64 81.89 83.56 78.72

Table 18: WikiTQ-Detailed: Effect of pruning different
components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 60.62 73.05 59.58 66.00
Cols 61.90 62.64 65.74 60.24
Tokens 80.20 85.81 84.24 81.66

Qwen3-VL
Rows 64.33 80.37 66.39 70.43
Cols 64.91 63.29 64.88 61.44
Tokens 83.14 89.83 86.63 87.06

Qwen3.5
Rows 64.91 72.59 60.47 70.74
Cols 64.07 63.11 66.54 60.78
Tokens 83.45 86.29 84.93 83.73

Table 19: WikiTQ-Naive: Effect of pruning different
components on question categories.

G.1.2 MMTabQA-WikiSQL

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 63.44 86.00 73.77 80.92
Cols 59.83 61.40 66.61 57.29
Tokens 83.13 92.97 89.77 88.79

Qwen3-VL
Rows 58.98 86.86 79.38 60.02
Cols 60.38 61.26 68.29 58.32
Tokens 80.41 93.21 92.22 78.92

Qwen3.5
Rows 63.05 90.75 81.77 68.44
Cols 60.85 61.95 68.43 58.16
Tokens 82.72 94.58 92.96 80.63

Table 20: WikiSQL-Short: Effect of pruning different
components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 63.17 84.74 75.06 77.09
Cols 60.55 60.94 67.14 57.89
Tokens 82.32 92.05 89.96 86.01

Qwen3-VL
Rows 49.59 86.50 78.28 60.82
Cols 60.06 64.49 68.83 57.89
Tokens 74.15 92.82 92.02 76.50

Qwen3.5
Rows 64.56 90.82 82.04 71.05
Cols 60.52 61.40 67.76 58.81
Tokens 81.68 94.64 92.22 80.58

Table 21: WikiSQL-Detailed: Effect of pruning differ-
ent components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 58.26 85.58 72.29 81.88
Cols 59.85 61.42 66.38 57.56
Tokens 80.41 92.70 88.82 89.16

Qwen3-VL
Rows 53.47 86.39 76.92 78.72
Cols 59.81 61.12 67.81 58.27
Tokens 76.92 92.92 90.43 87.32

Qwen3.5
Rows 55.76 90.88 79.19 73.18
Cols 60.94 62.46 68.08 57.85
Tokens 79.14 94.79 92.14 83.91

Table 22: WikiSQL-Naive: Effect of pruning different
components on question categories.

G.1.3 MMTabQA-HybridQA

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 82.20 85.88 84.56 83.23
Cols 49.77 52.91 46.45 46.45
Tokens 88.32 90.31 88.51 88.76

Qwen3-VL
Rows 82.00 83.11 82.84 70.64
Cols 49.19 52.65 45.71 45.68
Tokens 87.39 88.33 86.97 80.42

Qwen3.5
Rows 84.36 82.14 83.78 71.48
Cols 48.90 53.47 47.31 47.37
Tokens 87.59 88.14 88.61 81.24

Table 23: HybridQA-Short: Effect of pruning different
components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 78.32 82.98 82.61 78.89
Cols 48.81 52.14 46.07 46.11
Tokens 84.84 86.72 86.45 84.75

Qwen3-VL
Rows 79.03 77.67 79.66 66.57
Cols 48.78 51.80 45.27 45.81
Tokens 84.98 83.19 84.32 74.49

Qwen3.5
Rows 82.32 81.57 82.34 73.91
Cols 49.83 52.87 47.60 47.37
Tokens 86.23 85.73 86.09 80.58

Table 24: HybridQA-Detailed: Effect of pruning differ-
ent components on question categories.
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Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 83.65 84.61 85.97 84.78
Cols 49.40 52.93 46.16 47.10
Tokens 89.00 89.97 90.26 89.20

Qwen3-VL
Rows 82.00 80.67 82.09 76.88
Cols 49.09 52.21 46.19 46.61
Tokens 87.66 87.04 87.44 83.63

Qwen3.5
Rows 81.38 81.89 83.29 75.45
Cols 49.49 53.06 46.77 47.86
Tokens 87.40 88.17 88.13 83.28

Table 25: HybridQA-Naive: Effect of pruning different
components on question categories.

G.1.4 MMTabQA-FetaQA

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 61.34 63.25 55.14 60.90
Cols 46.28 47.20 48.39 42.34
Tokens 74.54 78.45 74.22 74.09

Qwen3-VL
Rows 68.80 71.60 64.01 65.16
Cols 46.15 47.60 49.45 44.09
Tokens 78.41 83.07 78.83 76.20

Qwen3.5
Rows 73.55 73.46 67.89 74.57
Cols 46.55 45.66 50.21 44.25
Tokens 81.40 83.18 80.20 81.97

Table 26: FetaQA-Short: Effect of pruning different
components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 55.53 59.53 52.97 54.56
Cols 47.47 47.50 48.65 41.60
Tokens 68.29 73.84 72.73 66.14

Qwen3-VL
Rows 62.59 70.89 62.80 59.38
Cols 46.37 46.41 48.78 44.02
Tokens 71.83 80.59 76.62 69.06

Qwen3.5
Rows 70.05 75.44 67.31 68.22
Cols 47.29 45.78 49.50 43.31
Tokens 76.57 82.64 79.88 75.71

Table 27: FetaQA-Detailed: Effect of pruning different
components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 58.59 64.41 55.53 59.77
Cols 47.89 47.80 48.85 42.23
Tokens 75.08 79.64 76.56 74.70

Qwen3-VL
Rows 65.88 72.03 63.73 63.88
Cols 46.05 46.06 49.45 43.04
Tokens 77.74 82.89 80.02 79.09

Qwen3.5
Rows 69.30 74.65 64.61 72.11
Cols 47.57 45.91 48.88 42.13
Tokens 80.60 84.47 79.07 81.62

Table 28: FetaQA-Naive: Effect of pruning different
components on question categories.

G.1.5 MMTabReal

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 64.37 62.88 47.37 52.52
Cols 55.54 60.07 66.74 57.90
Tokens 82.23 80.28 76.71 71.35

Qwen3-VL
Rows 55.58 55.78 43.72 46.05
Cols 59.58 55.08 66.77 55.18
Tokens 77.62 78.33 75.15 65.83

Qwen3.5
Rows 66.88 66.67 55.11 54.83
Cols 60.06 55.89 67.09 56.61
Tokens 83.12 83.34 80.10 74.22

Table 29: MMTabReal-Short: Effect of pruning differ-
ent components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 61.81 62.78 49.21 51.27
Cols 59.75 55.62 66.23 57.08
Tokens 76.88 79.67 74.11 69.00

Qwen3-VL
Rows 57.26 56.84 42.92 45.38
Cols 59.16 55.16 65.99 56.59
Tokens 73.71 76.22 67.80 64.75

Qwen3.5
Rows 67.91 67.70 56.22 57.02
Cols 60.34 56.66 67.28 58.12
Tokens 79.74 79.88 75.78 72.73

Table 30: MMTabReal-Detailed: Effect of pruning dif-
ferent components on question categories.

Model % Pruned EQ AQ IQ VQ

Gemma3
Rows 59.83 64.09 44.57 52.32
Cols 60.53 56.23 66.07 57.27
Tokens 80.69 83.29 77.44 70.27

Qwen3-VL
Rows 54.82 53.07 41.14 44.57
Cols 59.86 55.58 66.58 55.32
Tokens 77.94 77.59 75.41 65.08

Qwen3.5
Rows 65.51 67.01 55.55 53.38
Cols 60.58 56.12 66.97 57.27
Tokens 83.23 83.52 80.62 74.21

Table 31: MMTabReal-Naive: Effect of pruning differ-
ent components on question categories.

G.2 Image Reintroduction for all captioning
strategies

G.3 Selection vs Removal

H Prompts for Interleaved Reasoner

H.1 MMTabQA

MMTabQA Interleaved Baseline Prompt

Answer in a sentence, using the table data
given. The table consists of data in the form
of text and images. Each row of the table
has been represented using [] with data
for each column in the row separated by a
semicolon.
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Model Setting MMTabQA-WikiTQ MMTabQA-WikiSQL MMTabQA-HybridQA MMTabReal
EQ AQ IQ VQ EQ AQ IQ VQ EQ AQ IQ VQ EQ AQ IQ VQ

Gemma3

Naive (w/) 50.86 57.14 58.86 51.00 55.57 63.00 67.30 58.86 80.00 66.43 79.43 62.86 44.77 46.56 32.16 34.71
Naive (w/o) 55.29 47.29 56.43 48.00 54.86 60.00 66.03 56.57 72.43 59.73 72.14 60.14 39.74 38.57 29.04 30.00
Short (w/) 66.71 56.57 66.29 55.71 64.86 60.71 74.84 63.44 81.81 67.71 81.29 68.86 42.88 44.08 31.34 33.53
Short (w/o) 59.63 53.43 55.14 54.43 59.57 60.71 66.98 61.68 74.17 66.09 74.71 64.57 43.02 42.70 30.19 31.91
Detailed (w/) 67.29 55.00 67.86 57.14 64.29 64.43 75.56 64.29 77.71 68.57 81.00 67.29 43.78 44.90 30.53 34.56
Detailed (w/o) 55.00 53.86 53.71 54.29 60.00 61.43 69.84 62.43 73.14 66.86 75.00 64.43 43.74 44.35 28.29 32.74

Qwen3

Naive (w/) 57.14 47.86 60.57 50.29 53.71 57.29 70.79 55.29 80.43 64.14 79.57 60.29 40.86 39.94 30.66 31.32
Naive (w/o) 56.57 44.43 60.43 49.29 53.71 50.86 69.21 52.57 73.29 61.14 70.57 57.57 35.11 35.81 24.69 24.85
Short (w/) 70.14 54.71 70.14 58.00 65.71 62.00 77.06 65.86 81.86 71.86 82.14 63.29 38.35 39.39 27.14 29.41
Short (w/o) 59.00 50.14 61.57 50.43 59.29 56.43 70.79 54.29 75.00 68.29 73.29 62.00 38.08 37.19 27.00 28.38
Detailed (w/) 69.86 52.28 69.14 57.85 63.14 59.00 76.11 65.14 81.86 70.29 81.71 66.43 43.38 41.87 31.21 35.15
Detailed (w/o) 59.14 51.57 59.29 53.43 58.57 57.29 68.57 57.86 76.14 67.86 75.86 62.86 41.18 40.77 28.36 31.76

Qwen3.5

Naive (w/) 59.29 51.43 61.14 52.57 54.29 53.14 67.94 58.14 81.57 59.71 80.57 62.29 43.95 42.12 28.26 33.82
Naive (w/o) 59.29 51.29 56.71 47.57 53.43 51.29 68.89 46.29 71.43 41.71 72.57 57.86 36.87 37.74 24.69 26.18
Short (w/) 66.71 56.29 70.29 54.71 67.14 63.14 77.06 62.86 83.00 70.43 83.86 64.43 45.16 42.14 28.49 29.71
Short (w/o) 59.14 52.57 55.14 52.86 61.71 58.29 72.06 60.71 80.43 66.00 79.14 62.57 39.20 39.67 28.36 28.82
Detailed (w/) 65.14 55.71 67.43 53.71 65.43 61.00 76.06 62.43 81.71 69.71 82.29 67.86 49.13 49.63 34.85 36.03
Detailed (w/o) 56.86 52.57 61.43 53.29 56.00 56.71 72.06 58.71 73.29 65.14 74.14 59.29 42.03 41.60 27.68 33.09

Table 32: Captioning strategy ablation with and without image reintroduction (w/ vs w/o).

Model Dataset Selector Remover
∆

EQ AQ IQ VQ EQ AQ IQ VQ

Gemma-3-27B

WikiTQ 61.00 50.36 59.13 56.00 52.86 49.14 49.29 47.57 +6.90
WikiSQL 61.86 57.43 69.84 60.55 62.29 59.29 67.30 62.57 -0.44
HybridQA 71.14 61.14 71.84 56.95 72.43 63.57 71.00 62.71 -2.16
FeTaQA 53.30 48.40 43.60 48.90 45.90 52.80 41.40 48.60 +0.87

Gemma-4-31B

WikiTQ 63.86 39.29 69.71 54.00 61.16 36.71 64.43 51.29 +3.32
WikiSQL 65.71 41.14 76.51 66.86 64.86 41.43 75.87 67.14 +0.23
HybridQA 74.57 58.43 75.14 62.29 73.29 56.71 74.00 60.29 +1.54
FeTaQA 55.90 50.40 45.60 50.00 55.60 49.20 44.50 49.70 +0.73

Table 33: Detailed comparison of selection and removal across all models, datasets, and question types. FeTaQA scores are
converted from proportions to percentages. ∆ denotes the difference between the average Selector and Remover performance
across EQ, AQ, IQ, and VQ for each model–dataset pair.

In the table, some entities (mentioned in
text form originally) have been replaced by
images that represent them. Based upon the
context of the table while using real-world
knowledge, your task is to identify the
entities corresponding to the images in the
table and answer the question. You must
perform this task in the following steps:

Step 1: Reason about what should be the
answer to the question by identifying the
relevant entities represented by images
using the context of the table and the
question. The reasoning should be detailed
and should be based upon the context of
the table and the question, using real-world
knowledge for answering the question.

IMPORTANT: You must explore any
kind of reasoning – numerical, logical,
knowledge-based needed for disambiguat-
ing the entities and answering the question.
Step 2: Based upon the reasoning provided,
provide the answer to the question.

You are also provided with some question-
answer examples for better understanding
the format of providing the answer:

{Few-Shot Examples}

Now, based upon the examples given above,
you must understand the image given and
follow steps 1-2 to answer the question
corresponding to the table represented in
the image.
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It is IMPORTANT that you perform all
the both steps to the best possible extent to
get the correct answer. You must follow
the format of answers as demonstrated by
the examples above. IMPORTANT: You
must give the answer in the format ’Step 2:’,

Table context: {Table Metadata}

Question: {QUESTION}

Table: {INTERLEAVED TABLE}

H.2 MMTabReal

MMTabReal Interleaved Baseline
Prompt

You will be provided a pipe-separated table
where some cells are images. Your task is
to:

Step 1: UNDERSTAND THE TABLE
CONTEXT - Carefully analyze the table
structure and understand the intricate
relationship between image and text.

Step 2: ANALYZE THE QUESTIONS -
Read all the questions provided and explore
**ALL TYPES OF REASONING** to find
answers.

Step 3: PROVIDE ANSWERS IN FOR-
MAT Ensure that all answers adhere
strictly to the FORMAT specified. Avoid
deviating from this format or including un-
necessary explanations.
{Answer Formatting Guidelines}
ALWAYS PROVIDE YOUR ANSWERS
IN THIS FORMAT.

**IMPORTANT** ALL answers are there
in the image.

Now I will provide you with the table.
Note: within these prompt examples, SQL
fragments can be highlighted using ... and
user variables using ... for emphasis.
{INTERLEAVED TABLE}
For this table, answer the following ques-
tion.

{QUESTION}
Based on the steps I mentioned above, an-
swer the question.

I Prompts for Table Pruning

Column Selection using SQL

You are given the table schema, and the ta-
ble along with the corresponding statement.
Write a simple SQLite program for select-
ing only the required columns to help an-
swer the question correctly.
The SQLite program need not directly an-
swer the question.
Assume you always have enough infor-
mation when executing the SQLite query.
Fuzzy match data if unsure.
If a column name contains spaces or special
characters (such as /, -, %, or parentheses),
wrap that identifier in backticks in SQL (for
example: ‘town/city‘).

1. Plan:

• Identify critical values and ranges
from the table related to the state-
ment.

• Make use of domain knowledge
to determine the correct approach
for solving the question.

• Always select the column contain-
ing special aggregate values such
as total.

2. Retrieval:

• Generate a simple SQL program
extracting the relevant columns.

• SQL format: use the ... macro
for SQL queries and ... for user
variables. Example: SELECT
<COLUMNS> FROM w;

• Evidence format:
f_col([column names])

Response Format
Begin your response with Output and in-
clude:

• Plan: Write the plan for column ex-
traction along with a reasoning chain.
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• Retrieval: Write a simple SQL query.

• Evidence: f_col([column names])

Before returning the answer, review your
outputs and ensure that:

• All instructions have been followed.

• Only columns are selected in the SQL
query.

<input>
CREATE TABLE Płock Governorate(

row_id int,
language text,
number int,
percentage (%) text,
males int,
females int)

Q: how many male and female german
speakers are there?
<output>
Output:
1. Plan:
- Need male and female counts.
- 'language' contains aggregate
value 'total'.

- Select language, males,
females.

2. Retrieval:
- SQL:
SELECT `language`,

`males`,
`females`

FROM w;

- Evidence:
f_col(['language',

'males',
'females'])

\inputlabel
\begin{verbatim}
CREATE TABLE Electricity in Sri Lanka(

row_id int,
filledcolumnname text,
2005 int,
2006 int,
2007 int,

2008 int,
2009 int)

Q: how did the other renewables fare till
2009?
<output>
Output:
1. Plan:
- Analyze 'other renewables'
till 2009.

- Select yearly columns up to
2009.

2. Retrieval:
- SQL:
SELECT `filledcolumnname`,

`2005`,
`2006`,
`2007`,
`2008`,
`2009`

FROM w;

- Evidence:
f_col(['filledcolumnname',

'2005',
'2006',
'2007',
'2008',
'2009'])

Column Selection using Text

You must select all relevant columns from
the table and obtain a relevant sub-table for
answering the question.
The sub-table should then be used to answer
the question.
Please ensure that the final answer matches
the reasoning.
Your task is to perform the following ac-
tions:

1. Plan:

• Identify critical values and ranges
from the table related to the ques-
tion.

• Note all required columns needed
from the table.

2. Retrieval:
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• Identify all table columns con-
taining question-relevant informa-
tion.

• Explain the relevance of each se-
lected piece of evidence.

Response Format
Your response must begin with Output and
always include:

• Plan: Write the plan for column ex-
traction along with a reasoning chain.

• Retrieval: Based on the plan, identify
the columns followed by a reasoning
chain.

• Evidence: extttf_col([column
names])

Please output only the column names inside
f_col([ column names]), with no addi-
tional details.
<input>
/*
row: row 1 | row 2 | row 3 | row 4 | row 5
pick: 1 | 2 | 3 | 4 | 5
player: jay washington | alex cabagnot |

dennis miranda | ato ular |
kameron vales

country of origin:
united states | united states |
philippines | philippines |
united states
pba team:
air21 express | sta lucia realtors |
coca-cola tigers |
blackwater bossing |
converge fiberxers
college:
eckerd | hawaii - hilo |
feu | mpbl | ateneo
*/

Q: Which college has most players
belonging to asian countries?

\outputlabel
Output:
1. Plan:
- Identify colleges associated
with players from Asian

countries.
- Use player, country of origin,
and college columns.

2. Retrieval:
Explanation:
- 'player' identifies players.
- 'country of origin' identifies
Asian countries.

- 'college' identifies the
associated colleges.

Evidence:
f_col([player,

country of origin,
college])

<input>
/*
row : row 0 | row 1 | row 2
season : 2003 | 2004 | 2005
division : 1 | 1 | 1
tms. : 12 | 13 | 13
pos. : 11 | 10 | 8
fa cup :
quarter final |
round of 32 |
quarter final
afc cl : none | none | none
*/

Q: how far did they make it
in the fa cup after 2009?

\outputlabel
Output:
1. Plan:
- Filter rows using the
'season' column for years
after 2009.

- Use the 'fa cup' column
for tournament progress.

2. Retrieval:
Explanation:
- 'season' enables temporal
filtering.

- 'fa cup' contains the
tournament result.

Evidence:
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f_col([season,
fa cup])

\inputlabel
\begin{verbatim}
/*
rank: 1 | 2 | 3 | 4 | 5
lane: 6 | 5 | 4 | 1 | 8
athlete:
manjeet kaur |
olga tereshkova |
pinki pramanik |
tang xiaoyin |
marina maslyonko
time:
52.17 | 51.86 |
53.06 | 53.66 |
53.99
country:
india | kazakhstan |
india | china |
kazakhstan
*/

Q: who finished immediately
after manjeet kaur?

\outputlabel
Output:
1. Plan:
- Determine finishing order
using ranks.

- Identify athlete names.

2. Retrieval:
Explanation:
- 'rank' gives finishing order.
- 'athlete' provides names.

Evidence:
f_col([rank,

athlete])

Row Selection using SQL

You are given a table schema and a question.
Write exactly one SQLite SELECT state-
ment that extracts the rows needed to an-
swer the question.
Rules:

• Output only a single line beginning
with SQL:

• Do not include decomposition, expla-
nation, markdown, or code fences.

• Use only one SELECT statement.

• Use the column names exactly as
given.

• If a column name contains spaces or
special characters, wrap it in backticks.

• Prefer the smallest row subset that still
preserves the relevant evidence.

Format:
SQL: SELECT <column names> FROM w
WHERE <conditions>;

Row Selection using Text

Task Description:
You are provided with an initial response
containing rows from a table along with a
question.
Your task is to provide feedback about the
initial response and identify omitted rows,
if any.
Procedure:

1. Assessment

• Assess the question type.

2. Feedback

Based on the question, provide feed-
back.

• Calculation/comparison-based
question

– Check whether the relevant
rows are limited or whether
the entire table is required.

• Order/temporal-based question
– Check whether the response

includes the row containing
the mentioned entity.

– Check whether the response
contains rows satisfying the
required relative position.

• Entity-specific question
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– Check whether any row re-
lated to the question-relevant
entity has been omitted.

Add rows to the response if they are
not present.

Rows Format:
Rows: f_row([rows])
Response Format
Begin your response with <output> and in-
clude:

• Assessment: Assess the question and
the response.

• Feedback: Provide step-by-step feed-
back on the suggested answers.

• Rows: f_row([rows])

Be careful to follow all instructions exactly.
<input>
/*
col : Rank | Athlete
row 0 : 1 | Manjeet Kaur
row 1 : 2 | Olga Tereshkova
row 2 : 3 | Pinki Pramanik
row 3 : 4 | Tang Xiaoyin
row 4 : 5 | Marina Maslyonko
*/

Q: tell me who finished immediately
after manjeet kaur

Initial Response: ['row 1']

\outputlabel
Output:
1. Assessment:
- The question is temporal.
- We need the row containing
Manjeet Kaur and the row
immediately after it.

2. Feedback:
- Is the row for Manjeet Kaur
included?
A: No; add(row 0)

- What is the row after
Manjeet Kaur?

A: row 1; add(row 1)

- Is row 1 already included?
A: Yes

Rows:
f_row([row 0, row 1])

<input>
/*
col : away team |

away team score

row 0 : melbourne |
13.11 (89)

row 1 : footscray |
11.13 (79)

row 2 : fitzroy |
13.22 (100)

row 3 : collingwood |
17.9 (111)

row 4 : carlton |
23.11 (149)

row 5 : essendon |
12.15 (87)

*/

Q: what is the away team
with the highest score?

Initial Response:
(['row 0', 'row 1',
... , 'row 5'])

\outputlabel
Output:
1. Assessment:
- The question is
calculation-based.

- The comparison requires
all rows.

2. Feedback:
- Are all rows included?
A: No; add(*)
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Rows:
f_row([*])

19214


