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Abstract

While large language models (LLMs) perform
well on table tasks, they still make data refer-
encing errors (DRES), i.e., incorrectly citing or
omitting table values, despite understanding the
table structure. Beyond final-answer accuracy,
DRE:s directly compromise the correctness and
reliability of intermediate reasoning steps. Yet
prior studies have only offered limited, small-
scale analyses. In this work, we present the
first systematic evaluation of tabular data refer-
encing errors across different models and tasks.
Our results show that DREs occur across all
tested models (1.7B to 20B parameters). Fur-
thermore, we demonstrate that incorporating
data referencing as a critic significantly im-
proves answer accuracy up to 12.0%, through
critic-based filtering and rejection sampling. Fi-
nally, we trained a lightweight 4B-parameter
critic model that achieves an average F1 score
of 78.2% in detecting both in-distribution and
out-of-distribution DREs, and effectively as-
sists inference for larger models.

1 Introduction

Tables are one of the most common ways to repre-
sent information, providing a structured format for
organizing data. They are widely used across real-
world domains such as finance (Chen et al., 2021),
healthcare (Yan et al., 2025), and scientific report-
ing (Moosavi et al., 2021; Zhang et al., 2025b),
making the ability to effectively perform tasks over
tabular data essential. Solving table-related tasks
requires several capabilities: understanding tables
presented in textual formats, accurately locating
and citing relevant values, and reasoning over crit-
ical values to derive correct answers. Large Lan-
guage Models (LLMs) are increasingly applied to
these tasks and often achieve strong performance
(Yang et al., 2025b; Wu et al., 2025b; Lei et al.,
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Table
Year Organization Q’varD
2008 | Nickelodeon Kids” Choice Awards Best Actress
2010 Nikkan Sports Grand Prix (Fall) Best Supporting Actress
Question
[ What is the next award listed after 2008? ]

Model Response

'3 The question is asking for the next award listed after
Q ) 2008, so the answer would be the 2010 award. The
award name is “Nikkan Sports Grand Prix (Fall)”.

(a) Incorrect Citation: Model confuses the “Organization” col-
umn with the “Award” column.

Table
Date Festival
Oct 17, Oct 20 Icon TLV
Coct23 Toronto After Dark
Nov 11 Les Utopiales
Question

[What's the total number of festivals that occurred in October? ]

Model Response

'3 Looking at the rows:
m ) 10. Oct 17, Oct 20 — October. Four.

11. Nov 11 — November.

(b) Omitted Information: Model omits the row of “Oct 237,

Figure 1: Illustration of Tabular DREs.

2025), yet they still commit surprisingly basic mis-
takes even when the table format is correctly parsed,
by referencing table content incorrectly, as illus-
trated in Figure 1.

A primary source of such errors is the dense and
similar structure of tables, which makes it hard
for models to reliably locate and cite values. For
example, answering “Which country had the high-
est GDP growth between 2020 and 20227 re-
quires aligning multiple year columns across rows,
where, analogous to human oversight, a slip can
lead to mistakes. We refer to such failures to faith-
fully retrieve and cite information from the input
as Data Referencing Errors (DREs). These er-
rors can degrade response quality and sometimes
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final-answer accuracy, yet they are not fully cap-
tured by final accuracy metrics alone. Although
prior work (Zhang et al., 2025c; Cao, 2025) has
observed DREs, analyses remain narrow, typically
limited to a single model and a small set of human-
annotated cases. In this work, we systematically
investigate how prevalent DREs are, how they can
be effectively mitigated, and how mitigating them
influences final-answer accuracy.

We first categorize tabular DREs into two types:
Incorrect Citation, involving individual values,
and Omitted Information, involving entire rele-
vant portions, as illustrated in Figure 1. We then
employ LLM-as-a-Judge framework (Zheng et al.,
2023) to automatically detect DREs given a table
and a generation model’s response. Upon evalua-
tion, We find that DREs are ubiquitous across dif-
ferent models (from 1.7B to 20B parameters) and
across diverse table-related tasks (including Ques-
tion Answering, Claim Verification, and Table-to-
Text). They are not effectively eliminated by ei-
ther reasoning models’ self-reflection mechanisms
(Snell et al., 2024; Muennighoff et al., 2025; Ye
et al., 2025) or by prompting-based approaches.
For instance, Qwen3-8B (Yang et al., 2025a), even
with extended self-reflection, exhibits a 14.04%
DRE rate (i.e., the proportion of responses contain-
ing DREs) on the WTQ (Pasupat and Liang, 2015)
dataset, and still 12.50% when further prompted
not to miscite or omit table content.

Incorporating DRE detection as a critic not only
improves the quality of intermediate reasoning
steps beyond what is captured by final-answer accu-
racy rewards, but also noticeably enhances overall
performance. We explore two approaches. First,
critic-based filtering, which selects the subset of
sampled responses with minimal DRE:s, yields sub-
stantially higher accuracy than using all sampled
responses, and can further enhance majority vot-
ing when combined. Second, rejection sampling,
which repeatedly resamples response segments un-
til the critic accepts it, obtains consistent gains and
can improve accuracy by up to 11.96%. Notably,
DRE:s are largely avoidable rather than fundamen-
tal limitations, yet rejection sampling with the critic
offers a more robust way to reduce their occurrence.

Finally, given the high cost and black-box nature
of using larger models as critics, we investigate
the potential of small-scale LLMs (i.e., Qwen3-4B-
Instruct, Yang et al., 2025a) for detecting DREs. To
this end, we construct training data from Qwen3-
8B responses on the WTQ training set and adopt

a two-stage training procedure: supervised fine-
tuning for warm-up, followed by RLVR (reinforce-
ment learning with verified reward, Lambert et al.,
2024; DeepSeek-Al et al., 2025) to enhance ro-
bustness in DRE detection without constraining the
Chain-of-Thought (CoT) format. Our experiments
show that the trained Critic-4B consistently outper-
forms the untrained baseline both in-distribution
and out-of-distribution, achieving an average im-
provement of 8.65% F1. Moreover, we demon-
strate that this lightweight critic can mitigate DREs
across different models and improve final accuracy
more effectively than prompting-based methods.'

Our work shed light on the overlooked issue of
data referencing errors, a unique error pattern that,
while particularly common in table-related tasks,
also appears in other domains. Although these
broader cases are beyond the scope of this paper,
we aim to inspire follow-up work to improve both
critic and generation models by enhancing their
data referencing capabilities.

2 Related Work

Table LLMs Solving tabular tasks using LMs
has been a long-standing research topic. Early
work relied on table pre-training with specialized
architectures, such as TaPas (Herzig et al., 2020)
and TaBERT (Yin et al., 2020). With the scaling
of general-purpose LLMs, recent methods adapt
them to tabular settings through prompting (Ye
et al., 2023; Jiang et al., 2023), supervised fine-
tuning (Zhang et al., 2024; Su et al., 2024; Zhang
et al., 2025a), and reinforcement learning (Yang
et al., 2025b; Wu et al., 2025b; Lei et al., 2025).
As LLMs become increasingly powerful, particu-
larly with the emergence of reasoning models that
demonstrate strong problem-solving capabilities
through extended thinking processes (DeepSeek-
Al et al., 2025; Yang et al., 2025a; OpenAl, 2025),
they can already exhibit strong baseline perfor-
mance on table tasks without task-specific train-
ing, as evidenced by Yang et al. (2025b); Wu et al.
(2025b) and our experiments in Table 1. These
developments call for moving beyond final-answer
accuracy toward more fine-grained limitations.

Evaluation Beyond Accuracy Most evaluation
benchmarks emphasize final accuracy for simplic-
ity, overlooking the quality of intermediate rea-
soning. To address this, prior work has proposed

'Our code is available at https://github.com/ayyyq/
table-referencing.
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process-level reward models (PRMs, Lightman
et al., 2024; Zhang et al., 2025d), which evaluate
reasoning steps rather than only outcomes. Re-
lated efforts further decompose evaluation into di-
mensions: e.g., validity and redundancy in math-
ematical reasoning (Xia et al., 2025), instruction-
following and truthfulness in alignment (Cui et al.,
2024), and relevance and completeness in long-
form QA (Wu et al., 2023). In table reasoning,
however, benchmarks still focus almost exclusively
on final correctness (Wu et al., 2025a; Pasupat and
Liang, 2015). We introduce data referencing er-
rors as a complementary dimension that captures
how reliably models use table values, reflecting
both intermediate reasoning quality and final per-
formance.

Existing Work on DREs Table-related tasks, es-
pecially Table QA, require models to use table val-
ues both completely and accurately. Prior work has
recognized this need. For example, Zhang et al.
(2025¢) analyzed 50 WTQ samples from Distill-
Llama-8B (DeepSeek-Al et al., 2025) and found
that more than 80% of errors came from incorrect
locating and citation. Yet such studies do not sys-
tematically characterize DREs. Other work (Wu
et al., 2025b; Lei et al., 2025) introduces auxiliary
rewards to improve table referencing, but relies on
supervised fine-tuning with annotated table regions.
For instance, models are trained to generate special
tags such as <|cell content|><|column name|> when
using the specific table values needed to answer
a question. In contrast, we evaluate models’ over-
all accuracy in referencing any table values and
analyze how DREs affect performance. Our frame-
work further supports critic-based detection that
can be seamlessly integrated into existing LLMs,
improving both response quality and final-answer
accuracy without requiring special annotations or
disrupting reasoning chains (Tang et al., 2025).

3 Characterizing DREs

3.1 Definition and Taxonomy

When answering a table-based question, LLMs are
generally required to comprehend the table struc-
ture (e.g., distinguish between rows, understand
column headers, and interpret each cell’s meaning
within its row-column context), use table values to
support reasoning, and reason over critical ones to
derive the correct answer.

Recent LLMs overcome long-standing chal-
lenges in tabular data by handling diverse tex-

tual formats with large-scale pre-training (Touvron

et al., 2023) and enhancing logical and numerical

reasoning through targeted post-training (Liu et al.,

2025; Wang et al., 2025). However, our analysis

reveals that these models, especially smaller ones,

still make basic mistakes, which resemble human
oversights that could have been avoided with care-
ful attention. As shown in Figure 1, the model
confuses columns or overlooks an entire row. In

CoT responses, we define data referencing as the

ability to correctly locate and cite information from

inputs. Accordingly, errors or hallucinations in this
process constitute data referencing errors (DREs).

While DREs can be found in different domains
and modalities (Mirzadeh et al., 2025; Huang et al.,

2025), in this work, we focus specifically on table-

related tasks. Tables are highly data-intensive and

often contain many similar rows and columns (Cao,

2025), which makes models particularly prone to

referencing incorrect data. Formally, we categorize

tabular DREs based on granularity of referenced
content as follows:

* Incorrect Citation: The response cites individ-
ual table content (e.g., values or metadata) that
does not match the actual table. This includes cit-
ing the wrong value, confusing rows or columns,
or fabricating table-based content. As illustrated
in Figure 1a, the model mistakenly took ‘“Nikkan
Sports Grand Prix (Fall)” as from the “Award”
column, whereas the correct value should have
been “Best Supporting Actress”. This mix-up
led to an incorrect final answer.

* Omitted Information: The response omits ta-
ble values that belong to a required subset of the
table, such as listing all rows or identifying “all
teams with more than 5 wins.” As shown in Fig-
ure 1b, the model correctly listed every row but
missed the single row “Oct 23”. This suggests
that while the model can parse the table format,
it still makes avoidable omissions.

In this work, we systematically investigate the oc-

currence and impact of DREs and propose a plug-in

critic module to mitigate them.

3.2 Evaluation via LLM-as-a-Judge

To reduce human effort and enable automatic eval-
uation of DREs, we adopt LLM-as-a-Judge (Zheng
et al., 2023; Wolff and Hulsebos, 2025), leveraging
a powerful LLM (i.e. Sonnet-3.7, Anthropic, 2025)
to detect DREs in model responses. To match
human-level annotation quality, we address the fol-
lowing challenges by careful designs:



Accuracy (%) DRE Rate (%) DRE-in-Incorrect (%) Correct-in-DRE (%)
QOwen3-8B on different datasets
WTQ 77.14 14.04 32.63 46.89
WTQ + prompting 77.51 12.50 28.76 48.25
WTQ (CSV) 75.94 17.54 37.32 48.82
WTQ (Markdown) 77.26 14.34 32.69 48.15
TableBench 77.48 10.55 30.63 13.43
FinQA 63.21 33.57 39.34 56.88
SciTab 77.53 14.06 21.54 65.57
ToTTo* 14.06 18.45 - -
Different models on WTQ
Qwen3-1.7B 57.76 35.52 56.35 32.99
Qwen3-4B 75.69 16.18 35.51 46.66
Qwen3-8B 77.14 14.04 32.63 46.89
Qwen2.5-7B-Instruct 43.32 17.56 23.60 23.85
Table-R1-Zero-7B 76.10 19.29 52.41 35.08
Distill-Qwen-7B 49.47 46.04 66.61 26.90
Distill-Llama-8B 59.78 37.96 60.45 35.96
Llama4-Scout 55.71 46.48 72.77 30.66
gpt-0ss-20b 78.38 5.71 16.29 38.31

Table 1: DRE Evaluation Results judged by Sonnet-3.7+gt. *: No binary correctness labels for ToTTo.

1. Long&Verbose Response: Recent reasoning
models often generate lengthy thinking processes
(Sui et al., 2025). To cope with this issue, we
split the response at each occurrence of reflection
tokens (e.g. “Wait”) and let the judge model
evaluate one segment at a time.

2. Detection Reliability: Even strong models like
Sonnet-3.7 can be swayed by the given response
and fail to identify DREs, leading to false neg-
atives (see Figure 7, 8). To counter this, we
provide the ground truth to the table-based ques-
tion in the judge prompt. This helps the judge,
especially when the final answer is wrong, to
cross-check against the table more carefully and
decide whether the error comes from a DRE.

In practice, the judge model is instructed to check
whether a model-generated response uses table in-
formation accurately by examining the aforemen-
tioned two types of DREs—Incorrect Citations and
Omitted Information. Manual inspection indicates
that Sonnet-3.7 with ground truth (i.e. Sonnet-
3.7+gt) achieves an accuracy of 92.67% with high
consistency. Details and the full judge prompt are
provided in Appendix A.

Evaluation Metrics To holistically evaluate the
occurrence of DREs in model responses to table
questions, we calculate the following metrics:

|DRE]

DRE Rate = ——

|Total|’
where |DRE| is the number of model responses
containing at least one DRE. This metric measures

the overall frequency of DREs.

Correct N DRE
Correct-in-DRE Ratio = |Correc | |
|DRE]

where |Correct N DRE] is the number of responses
whose final answer is correct despite containing
DREs. This metric captures DREs that cannot be
detected by evaluating final-answer accuracy alone.

|Incorrect N DRE]|

DRE-in-Incorrect Ratio =
|Incorrect|

which provides an approximation of the correlation
between DREs and final answer accuracy.

3.3 Prevalence and Analysis

Now, we examine the severity of DREs. We focus
on three types of table tasks: Question Answer-
ing, including WTQ (Pasupat and Liang, 2015),
TableBench (Wu et al., 2025a), and FinQA (Chen
et al., 2021); Claim Verification, represented by
SciTab (Lu et al., 2023), where the model is asked
to determine whether a given claim is supported
by the table; and Table-to-Text, represented by
ToTTo (Parikh et al., 2020), which requires gener-
ating a textual description conditioned on the table.

We evaluate a range of popular LLMs, span-
ning sizes from 1.7B to 20B and covering different
model families: reasoning models that character-
ize extended thinking processes, such as Qwen3-
8B (Yang et al., 2025a); mixture-of-experts (MoE)
models such as Llama4-Scout (Meta Al, 2025);
and standard LLLMs such as Qwen2.5-7B-Instruct
(Yang et al., 2024). Following Wu et al. (2025a),



we present tables in the JSON format, but we also
experiment with CSV and Markdown formats. We
further test a prompting-based method that explic-
itly instructs the model: Use only the table. Do
not omit, miscite, or fabricate information. Ensure
all cited values exactly match the table. Model
responses are then evaluated using Sonnet-3.7+gt,
and the results are summarized in Table 1. We have
the following observations:

(1) Data referencing errors are prevalent
across different models, table formats, and table-
related tasks. For models, we observe that within
a single model family such as Qwen3, data refer-
encing capability improves with model size: larger
models tend to produce fewer DREs. However,
across different model families, this trend does not
necessarily hold, as overall model capability also
matters. For example, Llama4-Scout, as a non-
reasoning model, shows relatively high rates of
DREs (46.48%) despite its size. Additionally, re-
sults across different table formats (JSON, CSV,
and Markdown) and table-related tasks demon-
strate that DREs cannot be attributed to specific
formats or tasks, but instead represent a general
and widespread challenge.

(2) DREs persist under common mitigation
strategies. First, reasoning models including
Qwen3 series, Distill series, and gpt-oss-20b are
featured by self-reflection (DeepSeek-Al et al.,
2025; Snell et al., 2024), yet they still exhibit DREs
(5.71%-46.04%); in fact, once the first error is
made, the model often repeats it, relying more on
its own generation than on the original table (see
Appendix Figure 4 for an example). Second, even
explicitly prompting the model to focus on data
referencing accuracy, i.e. WTQ + prompt setting,
does not resolve DREs or improve final-answer
accuracy. Third, Table-R1-Zero-7B (Yang et al.,
2025b) was trained on table-related datasets from
Qwen?2.5-7B-Instruct using RLVR (Lambert et al.,
2024). While this specialized training improves an-
swer accuracy, it does not effectively translate into
fewer DREs, highlighting that data referencing is a
separate capability that warrants further attention.

(3) DREs may also occur during the reasoning
process, even when the final answer is correct.
The Correct-in-DRE Ratio captures cases where
the response contains DREs but still arrives at the
correct final answer. This means that final-answer
accuracy alone cannot guarantee the correctness of
intermediate steps and the overall quality of the re-
sponse. Besides, the Correct-in-DRE Ratio visibly

varies across tasks. For example, SciTab shows a
relatively high ratio (65.57%), because its answers
are binary labels (True or False). In such cases, nu-
merical citation errors in reasoning process may not
affect the final judgment, as illustrated in Figure 5.

4 Reducing DREs with Critics

We observe that DREs do occur in incorrect cases
and can negatively impact final accuracy, as shown
quantitatively in Table 1 and qualitatively in Fig-
ure 1. Nevertheless, the DRE-in-Incorrect ratio
should not be interpreted as indicating that this
portion of incorrect answers is directly caused by
DREs. This raises an important question: fo what
extent do DREs actually harm final accuracy? In
this section, we apply Sonnet-3.7+gt”> as a high-
quality critic to reduce DREs and explore whether
this reduction translates into improvements in final-
answer accuracy. We focus on three question an-
swering datasets (WTQ, TableBench, FinQA) and
three representative models (Qwen3-8B, Distill-
Qwen-7B, Llama4-Scout).

4.1 Critic-Based Filtering

Method A common application of a critic model
is the Best-of-N (BoN) strategy, where an LLM
generates multiple candidate responses and the
critic selects the best one as the final output (Snell
et al., 2024; Bai et al., 2022; Touvron et al., 2023).
While effective in some contexts, this approach
assumes that the critic is able to fully judge the
correctness of each response (Cobbe et al., 2021a)
or assign highly discriminative scores across the set
of responses (Lightman et al., 2024; Uesato et al.,
2022). Our critic, however, is designed specifically
to detect DREs and thus cannot directly determine
which single response is best overall. For exam-
ple, multiple responses may contain no DREs yet
still produce different final answers if mistakes oc-
cur later in the reasoning stage after retrieving the
correct table values.

To address this limitation, we adopt a critic-
based filtering approach. Specifically, for a gener-
ation model (e.g., Qwen3-8B), we sample N = 8
responses per question and use the critic to select
the subset of responses with the fewest data refer-
encing errors instead of selecting only one “best”
response. This design improves the overall quality

2Although provided with ground truth answers, Sonnet-
3.7 does not directly judge final-answer correctness (see Ap-
pendix A). We use Sonnet-3.7+gt to approximate the upper
bound of a DRE detection critic.



Dataset Avg Acc (%) CF Acc (%) MV Acc(%) CF+MV Acc (%) # Total
Owen3-8B

WTQ 64.59 70.44 70.84 73.49 1509
TableBench 63.12 67.42 70.17 71.82 181
FinQA 54.58 56.48 56.92 57.54 325
Distill-Qwen-7B

WTQ 49.47 61.83 62.05 65.80 2851
TableBench 55.06 69.62 67.60 71.65 321
FinQA 41.12 46.37 46.82 48.16 598
Llama4-Scout

WTQ 57.02 69.89 64.06 73.11 2265
TableBench 50.67 58.93 57.40 63.23 223
FinQA 39.53 42.32 4491 46.76 216

Table 2: Critic-based Filtering (CF) Results on the DRE subset. Avg Acc denotes the average accuracy over
N = 8 sampled responses per question. MV denotes Majority Voting, and CF + MV denotes majority-voting on

critic-filtered subset.

of the candidate pool and enables inference-time
strategies such as majority voting to operate on
a higher-quality set of responses, thereby further
improving final accuracy.

Metrics We report the average accuracy of all
generated responses versus that of the subset se-
lected by the critic. We also compare these results
with majority voting. Our primary focus is the
DRE subset, which includes questions for which at
least one response contains a data referencing error
and at least one does not. This subset emphasizes
data-referencing-challenging cases. To illustrate: if
all sampled responses are free of referencing errors,
then critic-based filtering will naturally show little
or no improvement. Conversely, if all responses
contain referencing errors, no selection strategy can
guarantee correctness. Results on the full evalua-
tion set are also reported in Appendix Table 5 but
may underestimate the critic’s impact.

Results From Table 2, we can observe that critic-
based filtering steadily outperforms the average ac-
curacy of all sampled responses by selecting those
with fewer data referencing errors. This indicates
that reducing DREs not only improves the quality
of intermediate reasoning with fewer hallucinations
but also translates into higher final accuracy. More
encouragingly, it complements majority voting as
an inference-time strategy: applying majority vot-
ing within the critic-filtered subset achieves the
best performance, consistently surpassing majority
voting alone. In some cases like Llama4-Scout on
WTQ, even randomly selecting a response from the
critic-filtered subset yields higher average accuracy
than majority voting.

4.2 Rejection Sampling

Method Another application of the critic model
is rejection sampling. In standard LLMs, rejection
sampling resembles BoN (Bai et al., 2022; Touvron
et al., 2023). In the context of reasoning models,
this approach can be inefficient, as the responses of
reasoning models are often very long (Chen et al.,
2024; Sui et al., 2025) and thus costly to generate
when sampling IV full completions. Moreover, re-
peated sampling increases computational expense.
We adapt rejection sampling for reasoning mod-
els by working at the segment level. Similar to
Section 3.2, for a generation model such as Qwen3-
8B, we split a response into segments using the
delimiter “Wait”. Instead of regenerating an entire
response, we selectively resample only the segment
(or, when necessary, the entire response) until it
passes the critic or reaches a maximum retry limit
N = 8is reached. The model then continues with
the next segment, repeating this process until the
final answer is produced. This design reduces the
cost of rejection sampling while preventing error
propagation across the reasoning process.

Metrics We report accuracy using rejection sam-
pling on the DRE subset and the full set.

Results As shown in Table 3, rejection sampling
with the critic effectively improves final accuracy
for both reasoning and non-reasoning models. As
expected, the improvement is larger on the DRE
subset than on the full set, since data referencing
errors are more likely to appear in the DRE subset.
It is important to note that the rejection sampling
process does not alter the generation model itself.
A DRE-free response can be obtained by simply
resampling. This highlights that DREs are largely



Dataset Acc in DRE (%) Acc in Full (%)
Owen3-8B
WTQ 63.88 77.14

+ RS 68.46 (+4.58) 78.94 (+1.80)
TableBench  63.54 77.48

+ RS 69.09 (+5.55) 79.31 (+1.83)
FinQA 53.85 63.21

+ RS 54.46 (+0.61) 63.64 (+0.43)
Distill-Qwen-7B
WTQ 48.58 49.47

+ RS 57.14 (+8.56) 55.99 (+6.52)
TableBench  53.58 54.77

+RS 68.85 (+15.27) 66.73 (+11.96)
FinQA 41.14 46.90

+RS 44.82 (+3.68) 49.52 (+2.62)
Llamad4-Scout
WTQ 56.16 55.71

+ RS 65.39 (+9.23) 61.92 (+6.21)
TableBench  52.47 54.56

+ RS 56.95 (+4.48) 57.20 (+2.64)
FinQA 40.74 58.94

+ RS 43.52 (+2.78) 59.72 (+0.78)

Table 3: Rejection Sampling Results. “Acc in DRE”
denotes the results on the DRE subset, which we use as
the primary evaluation setting.

avoidable errors rather than fundamental limita-
tions of the model’s knowledge or reasoning abil-
ity. However, how to reliably reduce the frequency
of DREs remains an open problem, and rejection
sampling with a DRE detection critic provides a
promising and practical solution.

5 Training a Small-Scale Critic

In practice, ground-truth answers are often unavail-
able to the critic particularly during inference, and
Sonnet-3.7 is both a black-box and costly to use.
Therefore, in this section, we explore the feasibility
of training a smaller-scale LLM (e.g. Qwen3-4B-
Instruct) to perform the critic task.

5.1 Small Critic Training

For the critic model, similar to Section 3.2, its task
is as follows: given a table, a question based on
the table, and a model’s response segment, deter-
mine whether the response contains DREs (See
Appendix Figure 6 for the complete critic prompt).
The output is either True (contains DRESs, treated as
positive samples) or False (does not contain DREs,
including cases where no table values are cited,
treated as negative samples). Beyond directly us-
ing Qwen3-4B-Instruct, we introduce a two-stage
training pipeline to further enhance its ability to
detect DREs.

(1) SFT. We begin with supervised fine-tuning
(SFT) as a warm-up stage to adapt Qwen3-4B-
Instruct more effectively to the critic task. Al-
though it already demonstrates strong instruction-
following ability, we observe that training with RL
directly, that is, without an SFT warm-up, causes
the model to produce malformed outputs such as
repeated <judgment></judgment> tags. To solve
this, we use judgments from Sonnet-3.7 as distil-
lation data in the first stage. This not only teaches
Qwen3-4B-Instruct the expected output format but
also transfers potentially useful “critic heuristics”
from a stronger model, thereby stabilizing subse-
quent RL training.

(2) RLVR. In the second stage, we employ rein-
forcement learning to enhance the critic model’s
robustness and generalization. Building on SFT
foundation, RL enables exploration beyond the lim-
itations of fixed supervision. We apply Reinforce-
ment Learning with Verified Reward (RLVR, Lam-
bert et al., 2024; DeepSeek-Al et al., 2025), which
is well suited to our setting: it leverages verified
binary labels as reward signals and does not re-
quire constraining the CoT. This allows the critic
to better detect DREs across diverse tasks.

For training data, we build on Qwen3-8B’s re-
sponses to the WTQ training set. We use Sonnet-
3.7 to label all response segments, yielding a bal-
anced dataset of 2,000 positive and negative sam-
ples for SFT, and 5,712 samples for RL training.
The critic model trained using this data is called
Critic-4B. In addition, we construct synthetic pos-
itives by inserting four types of DREs with rule-
based heuristics (Appendix C), which reduces re-
liance on larger models and improves efficiency in
both speed and cost. The critic model trained using
the synthetic data is called Critic-4B-Synthetic.

5.2 Critic Evaluation

To evaluate a critic’s performance on the DRE
detection task, we construct a critic evaluation
dataset. In details, we collect real positive and neg-
ative response segments, judged by Sonnet-3.7+gt,
from the three models (Qwen3-8B, Distill-Qwen-
7B, Llama4-Scout) across the three datasets (WTQ,
TableBench, FinQA). This setup allows us to cover
both reasoning (Qwen3-8B, Distill-Qwen-7B) and
non-reasoning models (Llama4-Scout), as well as
a diverse range of table-related question answering
tasks spanning general-domain benchmarks and fi-
nancial reasoning. For each model-dataset pair, we
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Figure 2: F1 scores across different model-dataset pairs for critic evaluation.

randomly sample 400 response segment with a bal-
anced number of positive and negative examples,
resulting in a total of 3,600 samples. We report
the standard F1 score for this binary classification
task, which balances precision (how often predicted
DREs are correct) and recall (how many true DREs
are identified).

Results We compare the critic performance of
Qwen3-4B-Instruct, Critic-4B-Synthetic, Critic-
4B. The evaluation results are presented in Figure 2.
We have the following findings:

Critic-4B consistently outperforms the untrained
baseline Qwen3-4B-Instruct across all scenarios,
achieving 78.16% overall F1 compared to 69.51%.
Although it is trained only on the responses of
Qwen3-8B on the WTQ training set, Critic-4B
generalizes well to the same model’s responses
on other table-related tasks. This is particularly
notable because TableBench and FinQA'’s tables
differ significantly from those in WTQ. In addition,
Critic-4B achieves high F1 in identifying DREs in
the responses of other models as well.

However, Critic-4B-Synthetic, trained on syn-
thetic data, shows larger gains on in-distribution
data, i.e. on the same model or the same dataset.
Yet, for settings with larger differences, such as
FinQA (a different domain) and Llama4-Scout
(non-reasoning model), critic performance actually
declines. This suggests that the model may have
overfit to biases specific to the synthetic data rather
than learning to generalize to real-world errors.

5.3 Rejection Sampling

We also examine whether our trained small-scale
critic, Critic-4B, can assist inference, using rejec-
tion sampling as described in Section 4.2. We re-
port both accuracy and DRE rate (on the full set)
with and without rejection sampling.

Dataset Accin DRE AccinFull DRE Rate
Owen3-8B
WTQ 63.88 77.14 14.04

+ RS 66.37 (+2.49)  78.25(+1.11)  10.08 (-3.96)
TableBench  63.54 77.48 10.55

+ RS 66.85(+3.31)  78.50(+1.02) 9.33(-1.22)
FinQA 53.85 63.21 33.57

+ RS 54.46 (+0.61)  63.47 (+0.26) 31.21(-2.36)
Distill-Qwen-7B
WTQ 48.58 49.47 46.04

+ RS 55.00(+6.42)  54.01+4.54) 30.59(-15.45)
TableBench  53.58 54.77 46.86

+RS 63.24(+9.66) 61.66(+6.89) 32.45(-14.41)
FinQA 41.14 46.90 43.94

+ RS 45.82(+4.68)  50.04 (+3.14) 34.52(-9.42)
Llama4-Scout
WTQ 56.16 55.71 46.48

+ RS 60.75 (+4.59)  58.45(+2.74)  36.90(-9.58)
TableBench  52.47 54.56 38.54

+ RS 55.16(+2.69)  56.39 (+1.83)  33.87 (-4.67)
FinQA 40.74 58.94 30.69

+ RS 43.06(+232)  59.46(+0.52)  28.68(-2.01)

Table 4: Rejection Sampling Results (%) using Critic-4B.

As shown in Table 4, rejection sampling with
Critic-4B consistently achieves higher accuracy
compared to the setting without rejection sampling.
Although it is less effective than the stronger critic,
Sonnet-3.7+gt (refer to Table 3), Critic-4B offers
a lightweight and cost-effective alternative. En-
couragingly, Critic-4B is smaller than all three gen-
eration models and does not benefit from the ex-
tended thinking processes as reasoning models like
Qwen3-8B and Distill-Qwen-7B, yet it is still able
to improve their accuracy. In addition, the DRE
rate decreases when using rejection sampling, indi-
cating that the critic not only enhances final-answer
accuracy but also improves the overall quality of
the model responses by reducing DREs.

6 Conclusions

We show that data referencing errors (DREs) are
a pervasive weakness of LLMs on table reasoning



tasks, undermining both response quality and fi-
nal accuracy. By systematically analyzing DREs
via LLM-as-a-Judge, we demonstrated their preva-
lence and propose inference-time strategies and
lightweight critics to mitigate them. Our findings
establish data referencing as a key evaluation di-
mension beyond final-answer accuracy for devel-
oping more reliable table reasoning systems.

Limitations

Several limitations remain that warrant future study.
First, we focus solely on DREs in table-related
tasks, as they are a common and non-negligible is-
sue. However, we recognize that DREs also arise in
other domains and modalities. For instance, Cobbe
et al. (2021b); Mirzadeh et al. (2025) describe the
case: He makes 48 total ice cubes, including 10
giant cubes, 14 small cubes, 12 medium cubes, and
some tiny cubes. Qwen3-8B sometimes mistakenly
interprets the order as giant, medium, small, tiny,
which leads to errors. We hope future work can
generalize to such broader domains.

Second, we did not examine the causes of DREs
from an interpretability perspective. In preliminary
experiments, we did observe that when the model
prepared to reference a table value, increasing its
attention to the entire table helped reduce subse-
quent errors, suggesting that DREs are linked to
insufficient attention. However, due to resource
constraints, we did not scale up attention analyses
or steering experiments. Future work could build
on this direction.
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A LLM-as-a-Judge

The complete judge prompt for Sonnet-3.7+gt is
shown in Figure 3. Note that we provide ground-
truth answers to mitigate false negatives, as ex-
plained in Section 3.2. We also explicitly instruct
the judge to focus solely on comparing the model
response with the table data in order to assess
table-referencing accuracy. With this explicit in-
struction, we find that Sonnet-3.7+gt remains unbi-
ased: it distinguishes reasoning mistakes from gen-
uine DREs rather than assuming that every wrong
final answer reflects a DRE. A case of Sonnet-
3.7+gt’s judgment is shown below:
While the final differs

reference answer, this appears to be a calculation

answer from the
error rather than a table referencing error. The
model accurately extracted and cited all relevant
values from the table.

We randomly sampled 100 instances from the
critic evaluation dataset and three annotators at the
PhD level independently assessed whether Sonnet-
3.7+gt’s judgments were correct. Their assess-
ments yielded an average accuracy of 92.67%, in-
dicating near-human reliability.

B Ciritic-based Filtering

Dataset Avg Acc (%) CF Acc (%) # Total
Owen3-8B

WTQ 77.55 79.65 4344
TableBench 76.27 78.05 493
FinQA 64.01 64.74 1147
Distill-Qwen-7B

WTQ 49.60 58.43 4344
TableBench 55.17 65.87 493
FinQA 47.56 50.68 1147
Llama4-Scout

WTQ 56.22 62.93 4344
TableBench 53.80 57.54 493
FinQA 57.96 58.48 1147

Table 5: Accuracy comparison between all-sample aver-
age and critic-selected subset on the full set.

C Synthetic Positives Construction

We use four strategies to insert DREs given a table
and a model’s response with correct final answers:

1. Mix up rows: Swap the identified value with a
value from the same column but a different row.
2. Mix up columns: Swap the value with another
value from the same row but a different column.
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3. Remove row: Delete the entire row that contains
the used value.

4. Remove a listed row: Keep the table unchanged,
but if the response enumerates all rows, randomly
remove one row from the response and re-index.

We then use Qwen3-8B to perform inference
for three times again to see whether the answer
changes, and only save the cases where the final an-
swer differs. For each saved case, this indicates that
the modified table with the original model response,
or the original table with the modified response, do
not fully match—i.e. there are DREs.

D Training Details

For SFT, we use Llama-Factory (Zheng et al., 2024)
with a learning rate of 1e-5, a batch size of 8, 2,000
training examples, and train for 2 epochs. For
RLVR, we use verl (Sheng et al., 2024), adopt-
ing GRPO (Shao et al., 2024), with a batch size of
256 and 8 rollouts per prompt at a temperature of
1.0. The learning rate is fixed at le-6, and we train
for 20 epochs. During inference, we apply greedy
decoding for the trained critic.

E Generation Details

Except for ToTTO, we use string matching to com-
pare accuracy across different table-related tasks.
For ToTTO, following Yang et al. (2025b), we use
(BLEU + ROUGE-L)/2. For TableBench, we fo-
cus only on the Fact Checking and Numerical Rea-
soning subsets (493 in total), as the other two sub-
sets, Data Analysis and Visualization, are beyond
the tested models’ capabilities.

All generation models perform inference with
their recommended decoding hyperparameters, as
detailed in Table 6. For Llama4-Scout, we use the
fp4 quantized version.?

Model Temperature Top-P  Top-K
Qwen3 Series 0.6 0.95 20
Distill Series 0.6 0.95 -1
Llama4-Scout 0.8 0.95 -1
Qwen2.5-7B-Instruct 0.6 0.95 -1
Table-R1-Zero-7B 0.6 0.96 -1
gpt-o0ss-20b 1.0 1.0 -1

Table 6: Decoding hyperparamters used for generation
models.

*https://huggingface.co/nvidia/Llama-4-Scout-17B-16E-
Instruct-FP4

F Code of Ethics

All datasets and models we use are public. No
ethical, safety, or privacy risks are involved in this
study.

The licenses of the datasets and models we use
are listed in Table 7.

License
WTQ CC-BY-SA-4.0
TableBench Apache 2.0
FinQA MIT
SciTab MIT
ToTTo Creative Commons Share-Alike 3.0
Qwen3 Series Apache 2.0
Distill Series MIT
Llama4-Scout 1lama4, nvidia-open-model-license
Qwen?2.5-7B-Instruct Apache 2.0
Table-R1-Zero-7B Apache 2.0
gpt-oss-20b Apache 2.0

Table 7: Licenses for datasets and models used in this
paper.

This paper used LLMs to polish writing. All
original content came from the authors themselves.



Critic Prompt for Sonnet-3.7+gt

# Table Referencing Accuracy Evaluation

## Task
Your task is to evaluate whether a model-generated response accurately uses information from a given table. You will
focus exclusively on table referencing accuracy, not other types of errors.

## Input Data
<table>{table }</table>

<question>{question }</question>
<model_response>{model_response }</model_response>

You are also provided with a reference answer, but this does not mean there is table referencing error:
<reference_answer>{answer }</reference_answer>

## Evaluation Instructions
Analyze the model response sentence by sentence, focusing only on how accurately it references data from the table. If
the response uses any value from the table, perform the following checks:

### Check 1: Copied Values Consistency
- Identify any value that is explicitly copied or cited from the table.
- For each value:
- Check if it exists in the table.
- Check if it is used in the correct context (e.g., correct entity, row, or column).
- If a value is hallucinated, incorrect, or mismatched, it is a table referencing error.

#i## Check 2: Omission

- When the model response tries to list all rows or items from the table, or items that meet a specific condition (e.g., “all
teams with more than 5 wins”),

- Then compare the listed items with the table.

- If any expected value is missing, it is a table referencing error.

## Important Guidelines

- Focus ONLY on table referencing accuracy

- Ignore other types of errors (reasoning errors, calculation errors, question misunderstandings, etc.)

- The reference answer is provided for context only—base your judgment solely on comparing the model response with
the table data

## Output Format
After your analysis, provide your judgment using one of these formats:

1. If you find any table referencing error:
<judgment>Failed [Error Type] Check.</judgment>

Where [Error Type] is either “Copied Values Consistency” or “Omission”

2. If no table referencing errors are found:
<judgment>NA</judgment>

Provide your judgment without additional explanation within the judgment tags.

Now follow the instructions step by step and put your final judgment within <judgment></judgment> tags.

\.

Figure 3: Judge prompt for Sonnet-3.7+gt. Both “Failed Copied Values Consistency Check” and “Failed Omission
Check” represents there are DREs.



Failure of Self-Reflection in Reasoning Models

Table
Date Competition Location Country Event Placing | Rider Nationality
31 October 2008 2008-09 World Cup Manchester | United Kingdom | Sprint 1 Victoria Pendleton | GBR
31 October 2008 2008-09 World Cup Manchester | United Kingdom | Keirin 2 Jason Kenny GBR
1 November 2008 | 2008-09 World Cup Manchester | United Kingdom | Sprint 1 Jason Kenny GBR
1 November 2008 | 2008-09 World Cup Manchester | United Kingdom | 500 m time trial 1 Victoria Pendleton | GBR
2 November 2008 | 2008-09 World Cup Manchester | United Kingdom | Team sprint 1 Ross Edgar GBR
2 November 2008 | 2008-09 World Cup Manchester | United Kingdom | Team sprint 1 Jason Kenny GBR
2 November 2008 | 2008-09 World Cup Manchester | United Kingdom | Team sprint 1 Jamie Staff GBR
2 November 2008 | 2008-09 World Cup Manchester | United Kingdom | Keirin 1 Victoria Pendleton | GBR
2 November 2008 | 5th International Keirin Event | Manchester | United Kingdom | International keirin 2 Ross Edgar GBR
13 February 2009 | 2008-09 World Cup Copenhagen | Denmark Team sprint 1 Chris Hoy GBR
13 February 2009 | 2008-09 World Cup Copenhagen | Denmark Team sprint 1 Jason Kenny GBR
13 February 2009 | 2008-09 World Cup Copenhagen | Denmark Team sprint 1 Jamie Staff GBR
13 February 2009 | 2008-09 World Cup Copenhagen | Denmark Sprint 1 Victoria Pendleton | GBR
30 October 2009 2009-10 World Cup Manchester | United Kingdom | Keirin 1 Chris Hoy GBR
30 October 2009 2009-10 World Cup Manchester | United Kingdom | Sprint 1 Victoria Pendleton | GBR
30 October 2009 2009-10 World Cup Manchester | United Kingdom | Sprint 1 Chris Hoy GBR
30 October 2009 2009-10 World Cup Manchester | United Kingdom | 500 m time trial 2 Victoria Pendleton | GBR
1 November 2009 | 2009-10 World Cup Manchester | United Kingdom | Team sprint 1 Ross Edgar GBR
1 November 2009 | 2009-10 World Cup Manchester | United Kingdom | Team sprint 1 Chris Hoy GBR
1 November 2009 | 2009-10 World Cup Manchester | United Kingdom | Team sprint 1 Jamie Staff GBR

Question

What is the number of 1st place finishes across all events?

Model Response

<think>

Okay, let’s tackle this question. The user wants to know the number of 1st place finishes across all events from the
provided table.

First, I need to look at the table data. The relevant columns here are “Placing” and “Event”. Each row represents a
rider’s performance in a specific event. The ‘“Placing” column indicates their position, so I need to count how many
times “1” appears in that column.

Let me go through each row one by one:

Row 1: I\\Row 2: 2\\Row 3: I\\Row 4: 1\\Row 5: I\\Row 6: 1\\Row 7: 1\\Row 8: 1\\Row 9: 2\\Row 10: 1\\Row 11:
I\Row 12: 1\\Row 13: 1\\Row 14: 1\\Row 15: 1\\Row 16: 2\\Row 17: 1\\Row 18: 1\\Row 19: 1

So counting the 1s: rows 1,3,4,5,6,7,8,10,11,12,13,14,15,17,18,19. That’s 16 instances. Wait, maybe I miscounted
earlier. Let me list them:

Row 1: 1\\Row 3: 1\\Row 4: 1\\Row 5: 1\\Row 6: 1\\Row 7: 1\\Row 8: 1\\Row 10: 1\\Row 11: 1\\Row 12: 1\\Row 13:
1\\Row 14: 1\\Row 15: 1\\Row 17: 1\\Row 18: 1\\Row 19: 1

That’s 16 entries where placing is 1. Wait, but there are 19 rows total. Let me check again. The rows are from 0 to 18
(assuming 19 rows). Let me check each row’s placing:

Row 0: 1\\Row 1: 2\\Row 2: 1\\Row 3: 1\\Row 4: 1\\Row 5: 1\\Row 6: 1\\Row 7: 1\\Row 8: 2\\Row 9: 1\\Row 10:
1\Row 11: 1\\Row 12: 1\\Row 13: 1\\Row 14: 1\\Row 15: 2\\Row 16: 1\\Row 17: 1\\Row 18: 1

So that’s 1 (row0), 1 (row?2), 1 (row3), 1 (row4), 1 (row5), 1 (row6), 1 (row7), 1 (row9), 1 (row10), 1 (row11), 1 (row12),
1 (row13), 1 (row14), 1 (row16), 1 (row17), 1 (row18). That’s 16 instances. So the answer should be 16.

Wait, but let me check again. Let me count each row’s placing:

Row 0: 1\\Row 1: 2\\Row 2: 1\\Row 3: 1\\Row 4: 1\\Row 5: 1\\Row 6: 1\\Row 7: 1\\Row 8: 2\\Row 9: 1\\Row 10:
1\Row 11: 1\\Row 12: 1\\Row 13: 1\\Row 14: 1\\Row 15: 2\\Row 16: 1\\Row 17: 1\\Row 18: 1

Yes, that’s 16 times. So the final answer is 16.
</think>

Final Answer: 16

\.

Figure 4: This is an example of Qwen3-8B on the WTQ test set. The table contains 20 rows in total, but Qwen3-8B
identifies only 19, missing the actual 16th row (Placing: 1). Even after repeated checks and attempts with different
numbering schemes (starting from 1 or from 0), it consistently reproduced this DRE, ultimately leading to an
incorrect answer.



Table
Setting Metrics cs-en | de-en | fi-en | lv-en | ru-en tr-en | zh-en | Avg
Baselines METEOR++ 0.552 | 0.538 | 0.720 | 0.563 | 0.627 | 0.626 | 0.646 | 0.610
Baselines RUSE(*) 0.624 | 0.644 | 0.750 | 0.697 | 0.673 | 0.716 | 0.691 | 0.685
Baselines BERTScore-F1 0.670 | 0.686 | 0.820 | 0.710 | 0.729 | 0.714 | 0.704 | 0.719
Sent-Mover | Smd + W2V 0.438 | 0.505 | 0.540 | 0.442 | 0.514 | 0.456 | 0.494 | 0.484
Sent-Mover | Smd + ELMO + PMeans 0.569 | 0.558 | 0.732 | 0.525 | 0.581 | 0.620 | 0.584 | 0.595
Sent-Mover | Smd + BERT + PMeans 0.607 | 0.623 | 0.770 | 0.639 | 0.667 | 0.641 | 0.619 | 0.652
Sent-Mover | Smd + BERT + MNLI + PMeans 0.616 | 0.643 | 0.785 | 0.660 | 0.664 | 0.668 | 0.633 | 0.667
Word-Mover | Wmd-1 + W2V 0.392 | 0.463 | 0.558 | 0.463 | 0.456 | 0.485 | 0.481 | 0.471
Word-Mover | Wmd-1 + ELMO + PMeans 0.579 | 0.588 | 0.753 | 0.559 | 0.617 | 0.679 | 0.645 | 0.631
Word-Mover | Wmd-1 + BERT + PMeans 0.662 | 0.687 | 0.823 | 0.714 | 0.735 | 0.734 | 0.719 | 0.725
Word-Mover | Wmd-1 + BERT + MNLI + PMeans | 0.670 | 0.708 | 0.835 | 0.746 | 0.738 | 0.762 | 0.744 | 0.743
Word-Mover | Wmd-2 + BERT + MNLI + PMeans | 0.679 | 0.710 | 0.832 | 0.745 | 0.736 | 0.763 | 0.740 | 0.743

Claim

Table 1: In all language pairs, the best correlation is achieved by our word mover metrics that use a BERT pretrained
on MNLI as the embedding generator and PMeans to aggregate the embeddings from different BERT layers, i.e.,
WMD-1/2+BERT+MNLI+PMeans.

Question
Is the above claim true or false?

Model Response

6. **tr-en (Turkish-English): **

- Wmd-1: 0.744

- Wmd-2: 0.763

- BERTScore-F1 is 0.704. So Wmd-2 is higher here.

\

Figure 5: This is an example of Qwen3-8B on the SciTab test set. Qwen3-8B misquoted 0.714 as 0.704, but this
does not affect the subsequent conclusion that Wmd-2 (0.763) is higher. Therefore, final-answer accuracy cannot
fully reflect the presence of a DRE.



Critic Prompt

You are a careful evaluator. Your task is to check whether a model’s response uses table information accurately.

<instructions>
Please follow these steps:

1. Review the inputs:

<table>{table } </table>

<question>{question }</question>
<model_response>{model_response }</model_response>

2. Go through the <model_response> sentence by sentence. If the response uses any value from the table, do the
following checks:

<check_1>
Copied Values Consistency Check:
- Find any value that is explicitly copied or cited from the table.
- For each value:
- Check if it exists in the table.
- Check if it is used in the correct context (e.g., correct entity, row, or column).
- If a value is hallucinated, incorrect, or mismatched, it is an error.
</check_1>

<check_2>

Omission Check:

- If the segment tries to list all rows from the table, or all items that meet a specific condition (e.g., “all teams with more
than 5 wins”),

- Then compare the listed items with the table.

- If any expected value is missing, it is an error.

</check_2>

3. If any error is found, stop the evaluation immediately and respond with:
<judgment>True</judgment>

4. If no errors are found in the entire segment, respond with:
<judgment>False</judgment>

Follow the instructions step by step and put your final judgment within <judgment> </judgment> tags.
</instructions>

Figure 6: Critic Prompt for small-scale LLMs. We do not provide ground-truth answers in this prompt.



Judge Prompt Input

Table
Rank | Nation Gold | Silver | Bronze | Total

1 Soviet Union B 3 6 16
2 Austria 4 3 4 11
3 Finland 3 3 1 7
4 Switzerland 3 2 1 6
5 Sweden 2 4 4 10
6 United States 2 3 2 7
7 Norway 2 1 1 4
8 Italy 1 2 0 3
9 Germany 1 0 1 2
10 Canada 0 1 2 3

Question

Who had the most silver medals?

Model Response
... The question is about silver medals. Let me list all the silver counts:

Soviet Union: 7 (assuming the *7* is 7)
Austria: 3

Finland: 3

Switzerland: 2

Sweden: 4

United States: 3

Norway: 1

Italy: 2

Germany: 0

Canada: 1

So the maximum here is 7, which is the Soviet Union. Therefore, the answer should be Soviet Union.

\.

Figure 7: An input example for the judge prompt. In this case, the generation model correctly cites the “Silver”
value, except for the first row, “Soviet Union.”



Judge Output

Sonnet-3.7 (without ground truth)
I’ll analyze the model’s response sentence by sentence, checking for any errors in how it uses data from the table.

The model correctly identifies that Soviet Union has "*7*" in the Silver column (with asterisks), and ac-
knowledges this unusual formatting. It then reasonably interprets this as 7 while being transparent about this assumption.

When listing silver medal counts for all countries, the model states:
- Soviet Union: 7 (with clear explanation about the "*7*" notation)
- Austria: 3 v

- Finland: 3 v/

- Switzerland: 2 v/

- Sweden: 4 v/

- United States: 3 v/

- Norway: 1 v

- Italy: 2 v/

- Germany: 0 v/

- Canada: 1 v/

All these values match exactly with the silver medal counts in the table. The model provides a complete list
of all countries’ silver medal counts without any omissions.

The model’s conclusion that Soviet Union has the most silver medals (interpreting "*7*" as 7) is consistent
with the data presented in the table.

<judgment>NA</judgment>

Sonnet-3.7 with ground truth
I’ll carefully evaluate the model response for table referencing accuracy by checking how it uses values from the
provided table.

First, let me examine the actual silver medal counts in the table:
- Soviet Union: 3 silver medals (not 7)
- Austria: 3 silver medals

- Finland: 3 silver medals

- Switzerland: 2 silver medals

- Sweden: 4 silver medals

- United States: 3 silver medals

- Norway: 1 silver medal

- Italy: 2 silver medals

- Germany: O silver medals

- Canada: 1 silver medal

The model response makes a critical table referencing error. It incorrectly states that the Soviet Union has 7
silver medals when looking at the row: ["1", "Soviet Union", "*7*", "3", "6", "16"]. The model misinterpreted the
data, as the "*7*" appears in the Gold column, not the Silver column. The Soviet Union actually has 3 silver medals
according to the table.

The model lists all silver medal counts but assigns the wrong value (7) to the Soviet Union. Based on this
incorrect value, it concludes that the Soviet Union has the most silver medals, when in reality Sweden has the most with
4.

<judgment>Failed Copied Values Consistency Check.</judgment>

\

Figure 8: The judge output of Sonnet-3.7 without and with ground truth. Without a ground-truth answer, Sonnet-3.7
is misled by the model response; with a ground-truth answer, it checks the consistency between the model response
and the table more carefully.
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