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Abstract
Current large language model (LLM) evaluations primarily focus
on single-answer tasks, whereas many real-world applications re-
quire identifying multiple correct answers. This capability remains
underexplored due to the lack of dedicated evaluation frameworks.
We introduce SATA-Bench, a benchmark suite with over 10K re-
leased SATA-format items across training and evaluation subsets,
including a 1.47K-item human-validated evaluation set spanning six
domains, including reading comprehension, legal reasoning, and
biomedicine. Our evaluation of 32 models demonstrates substantial
limitations: the strongest model achieves only 75.3% Jaccard Index
and 41.8% exact match accuracy. We identify three systematic biases
underlying these failures: (i) unselection bias: models systematically
avoid certain correct answer choices; (ii) speculation bias: models
include incorrect answers when uncertain; and (iii) count bias:mod-
els consistently underpredict the number of correct answers. To
address these limitations, we propose Choice Funnel, a decoding
strategy that combines token debiasing, adaptive thresholding, and
abstention handling to guide models toward complete and accurate
multi-answer selections. Choice Funnel improves exact-match ac-
curacy by up to 29.9% relative to strongest baseline while reducing
inference cost by 64.5%. By releasing SATA-Bench, its diagnostic
metrics, and Choice Funnel, we provide a reusable testbed for eval-
uating set-valued reasoning, speculation, and count bias in LLMs.

Data & Code: github.com/sata-bench/sata-bench
Data & Dataset Card: huggingface.co/datasets/sata-bench/sata-bench

CCS Concepts
• Information systems→ Data mining; • Computing method-
ologies→ Machine learning evaluation.
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1 Introduction
Large Language Models (LLMs) have demonstrated remarkable ca-
pabilities across diverse natural language processing tasks, with
multiple-choice question answering becoming a standard evalua-
tion framework [45, 61]. However, current benchmarks assume a
single correct answer per question, even though many applications
require multiple valid responses, and because they rely on binary
scoring that does not penalize speculation, they inadvertently en-
courage hallucination [26]. Consider content moderation systems
that must flag posts for several policy violations simultaneously,
medical diagnosis tools that identify co-occurring conditions, or
legal research platforms that classify documents under multiple
relevant statutes. These scenarios represent Select All That Apply
(SATA) tasks, where success depends not on choosing the single
best option but on accurately identifying the complete set of cor-
rect answers. Despite their prevalence in real-world applications,
SATA tasks remain underexplored in LLM evaluation, leaving a gap
between benchmark performance and practical utility with direct
implications for trustworthiness and safety. Existing evaluations
overestimate model reliability by rewarding speculation, whereas
SATA-specific metrics directly penalize speculative behavior.

To address this gap, we introduce SATA-Bench, a comprehen-
sive benchmark containing over 10,000 human-validated questions
across six domains: reading comprehension, toxicity detection,
news categorization, biomedicine, legal classification, and event
analysis. Unlike existing multi-label classification datasets that of-
ten include dozens of possible labels and assume bag-of-words
features, SATA-Bench provides natural-language multiple-choice
questions with 3–15 options and 2–10 correct answers, together
with metrics that evaluate option-order effects, abstention behavior,
and other phenomena unique to LLMs. In practical data mining

pipelines such as content moderation, risk tagging, medical coding,
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or legal document classification, partial correctness is insufficient. Se-

lecting an incomplete or over-extended label set degrades downstream

aggregation, alerting, and decision-making. SATA-Bench exposes

these failures, which are invisible to standard benchmarks.

Our evaluation of 32 state-of-the-art models (including both pro-
prietary LLMs and open-source alternatives) reveals substantial
limitations in multi-answer reasoning. Even the best-performing
model achieves only 41.8% exact match accuracy, missing the full
correct set in nearly 60% of questions. Figure 1 illustrates a represen-
tative failure where models correctly identify some valid answers
but systematically avoid others. We identify three systematic bi-
ases1 underlying these failures: unselection bias, where models
consistently avoid certain answer positions regardless of content;
count bias, where models underestimate the total number of cor-
rect answers; and speculation bias, where models include incorrect
options when uncertain rather than abstaining [26]. To mitigate
these issues, we propose Choice Funnel, a decoding algorithm that
combines token debiasing, adaptive thresholding, and abstention
handling. Beyond evaluation, SATA-Bench serves as both a bench-
mark and a diagnostic platform, revealing systematic failure modes
and enabling algorithmic advances such as Choice Funnel.

Figure 1: Representative example of an LLM failure on a
SATA (Select All That Apply) question. Models often miss
valid answers due to unselection, count, and speculation bi-
ases. Gemini speculates in this question while GPT-4o un-
derselects. Other models may have unselection bias over C.

Existing benchmarks overestimate system reliability by collaps-
ingmulti-answer decisions into binary correctness. As a result, mod-
els that speculate or under-select labels may appear accurate while
silently degrading downstream analytics. SATA-Bench reframes

evaluation around set-level decision quality, enabling systematic mea-

surement of false positives, false negatives, and cardinality errors that

directly affect real-world data mining systems.Our goal is not merely
to test whether models can identify some correct answers, but to
evaluate whether they can support reliable multi-label decision-
making under realistic uncertainty. We position SATA-Bench as
a standard testbed for multi-answer multiple-choice evaluation,
1We use the term bias to highlight systematic tendencies in prediction (See Appen-
dix Q.2 for mathematical definitions), not socioeconomic or demographic bias

complementing single-answer MCQ benchmarks by evaluating
set-valued prediction, partial correctness, and speculation-aware
behavior. The primary contributions of this paper are:

(1) SATA-Bench Data Curation: We curate a high-quality, diverse
benchmark suite explicitly designed to challenge LLMs onmulti-
answer tasks. SATA-Bench contains over 10K released SATA-
format items, including a 1.47K-item unanimously human-validated
evaluation set, across multiple domains, varying difficulty levels,
multiple correct answers, and carefully constructed distractors.
In addition, we provide readability, confusion, similarity, and
human validation analyses to ensure clarity, diversity, and task
complexity across six domains.

(2) Comprehensive Evaluation of Decision Quality: We conduct the
largest-to-date evaluation of 32 proprietary and open-source
LLMs on SATA tasks, showing that standard accuracy metrics
substantially overestimate system reliability. Even the strongest
models achieve only 41.8% exact match accuracy and 75.3%
Jaccard Index, indicating frequent failures to recover complete
and correct label sets in multi-label decision settings.

(3) Systematic Bias Diagnosis and Metrics: We identify and formalize
three systematic decision biases—unselection, count, and specu-

lation—that degrade multi-label decision quality in SATA tasks.
To quantify these failure modes, we introduce a suite of eval-
uation metrics that expose errors invisible under traditional
single-answer or binary grading schemes.

(4) Choice Funnel Algorithm: We introduce a decoding strategy that
jointly mitigates these biases through token debiasing, adaptive
thresholding, and abstention handling, improving exact match
accuracy by up to 29 percentage points while reducing inference
cost by 64%.

2 SATA-Bench Data Curation
Our objective is to develop a dataset that spans diverse tasks and
domains while providing sufficient challenge to reveal differences
in LLM capabilities. The curation process consists of three stages:
(i) selecting source datasets, (ii) transforming them into SATA for-
mat, and (iii) filtering questions for readability, diversity, human
validation, and clarity (see Figure 3). We curated SATA-Bench to
include tasks in Reading Comprehension [29], Text Classification
(News [43], Events [19]), and Domain Understanding (Toxicity
[21], Biomedicine [46], Laws [6]). Detailed dataset descriptions
are provided in Appendix A.

2.1 SATA Transformation
We convert each item to a SATA item by first gathering the text,
gold labels, and option count. We then enforce an option-to-answer
ratio of 2–3 to maintain consistency [56]. Next, we set : to the
number of correct answers 2 , construct the option set with the 2
gold choices plus :−2 distractors sampled from the pool, and finally
shuffle the options to mitigate position and label bias.

2.2 Question Filtering
From the original SATA questions (characteristics shown in Table 6
in Appendix), we filter them using the following steps (see Figure 3
for more details):
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Table 1: Compared to prior benchmarks [ 26], SATA-Bench penalizes speculation, spans multiple domains, uses non-binary
metrics, and includes multi-stage human annotations. Penalizing speculation means wrong answers receive lower scores than
abstaining. Jaccard Index penalizes speculation: if ground truth is �• � and model predicts �• � , � � ¹ �0220A3 �=34Gº =0”33. if it
does not speculate and predicts � , � � = 0”5. Thus, this scoring scheme gives a lower score to LLMs that speculate when uncertain.

Benchmark Scoring method Binary grading Penalizing speculation Human labeling # Domains

GPQA Multiple-choice accuracy Yes None Yes 3
MMLU-Pro Multiple-choice accuracy Yes None Yes 57
IFEval Programmatic instruction veri�cation Yesa None No 1
Omni-MATH Equivalence grading* Yes None Yes 1
WildBench LM-graded rubric* No Partialc Partial Varied
BBH Multiple-choice / Exact Match Yes None Yes 23
MATH Equivalence grading* Yes None Yes 1
MuSR Multiple-choice accuracy Yes None Yes 1
SWE-bench Patch passes unit tests Yes None No 1
HLE Multiple-choice / equivalence grading* Yes None Yes 10¸
SATA-Bench Jaccard Index / Exact Match Partialb Yes Yes 6

* Grading is performed using language models, hence incorrect blu�s may occasionally be scored as correct.
a IFEval aggregates several binary rubric sub-scores into a composite score.
b Jaccard Index and Precision are not binary grading.
c Grading rubric (1-10 scale) may award hallucinated responses.

Initial Filtering. To clean the original source data, we eliminated
questions with fewer than ten words [27, 49]. To ensure each ques-
tion is understandable and solvable, we excluded those containing
ambiguous, vague, or subjective terms [38]. We also removed con-
taminated questions to reduce memorization risk, following [35]
(details in Appendix B.1).
Readability. To ensure SATA-Bench questions are both under-
standable and challenging, we assessed readability using the Flesch
Reading Ease (FRE) score [20] and the Gunning Fog Index (GFI)
[22]. We retained questions with an FRE score between 20�100
and a GFI score between 6�17, corresponding to 6C�-grade through
graduate-level di�culty [ 22, 30]. This step removed unclear or triv-
ial questions while preserving a broad di�culty range.2

Question Similarity. To avoid redundancy, we measured cosine
similarity between TF-IDF representations [52] of all question pairs,
following [64]. Cosine similarity between each correct option and
each distractor option was calculated, producing an n Ö m similarity
matrix. The confusion score for the question is de�ned as the aver-
age cosine similarity across all n Ö m pairs. We removed questions
with at least 80% similarity. We also performed statistical analysis
(Appendix B) to con�rm the consistency of our label design.
Confusion Score. SATA di�culty is closely tied to the similar-
ity between correct answers and distractors. We quanti�ed this
by computing semantic similarity using ST5-XXL [41], which per-
formed best in [39]. To balance di�culty, we binned questions into
10 groups by confusion score and sampled 50�300 records from
each bin, ensuring SATA-Bench covers a wide di�culty spectrum.
Figures 5 and 6 show the distribution of confusion scores before
and after �ltering, as well as breakdowns by source dataset.

2We additionally computed four other readability measures�Flesch-Kincaid Grade
Level (FGL) [30], Automated Readability Index (ARI) [30], and Dale�Chall Readability
(DCR) [12]�which are included in the released dataset.

Human Validation. Human evaluation proceeded in two stages.
First, annotators identi�ed and removed questions containing am-
biguous content (Appendix B.2) from the pre-�ltering dataset, pro-
ducing 9.5K pre-annotation questions, that could be used for �ne-
tuning (Appendix T). In the second stage, three annotators reviewed
all sampled questions to correct labeling errors. Questions without
unanimous agreement were excluded (Annotator information is
mentioned in Appendix B.4). As a result, the �nal release includes
a 1.47K evaluation set (see overall statistics in Table 5). We also
validate that correct answers are consistently validated over 95% of
the time (See Appendix B.7).

2.3 SATA-Bench Characteristics
SATA-Bench has the following characteristics: (i) granular grad-
ing: Multiple correct answers provide a �ner understanding than
binary true/false; (ii) diversity: the dataset spans both knowledge-
based and reasoning-driven tasks; (iii) human validation: all items
are manually reviewed for clarity and correctness, and readabil-
ity scores ensure coverage from 6C� grade through graduate level,
with ambiguous or trivial questions removed; (iv) challenging: 76%
of questions fall within the standard FRE range (40�70), the aver-
age GFI corresponds to 13C� grade (�rst-year college), and correct
answers and distractors have a mean semantic similarity of 0.24
(skewness = 1.8), clustering around 0.22 with a long tail of harder
items (Figure 2). These properties make SATA-Bench suitable for
evaluating decision quality in multi-label analytics pipelines, rather
than isolated question-answering accuracy.

To complement automatic readability and confusion-score anal-
yses, we conducted additional human validation studies on task
complexity and option faithfulness. For complexity, �ve annotators
rated each item along three dimensions: the number of reasoning
steps required, the amount of domain-speci�c knowledge required,
and the amount of information that must be tracked. Each dimen-
sion was scored from 1 to 3, yielding a total di�culty score from 3 to
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9. SATA-Bench achieves an average di�culty of 5.43, comparable to
GSM8K (5.40) and MMLU (5.34), while containing a larger fraction
of hard items. For distractor plausibility, annotators judged whether
answer choices were plausible interpretations of the question rather
than arbitrary distractors. At least three of �ve annotators marked
the distractors as plausible for 90.1% of tasks, and at least four of �ve
did so for 77.3% of tasks. These results indicate that SATA-Bench is
not only readable and diverse, but also challenging and faithful to
the intended multi-answer decision setting.

3 Experiments
This section presents the experiments conducted to assess the ca-
pabilities of LLMs on SATA questions on the evaluation set. Our
benchmark covers 18 proprietary and 14 open-source models (see
Table 9 for details). Because the benchmark spans diverse domains,
we adopt a zero-shot evaluation protocol. The system prompt spec-
i�es that each question has at least two correct answers, and we
instruct the LLM to output the results in JSONL format [25, 63]. We
benchmark di�erent system prompt strategies in the Appendix N.
Furthermore, we employ a CoT prompting strategy following [42].
We then extract answers from the JSONL output using exact and
fuzzy match. For cases where JSONL extraction fails (fewer than
3%), we use Claude 3 Haiku and human labelers to recover the
correct options. However, for smaller models, the JSONL extraction
fails in more than 5% of the cases, making this method less reliable.
In these cases, following [24], we omit CoT and instead rank op-
tions using the probability of the �rst output token. To calibrate
thresholds, we hold out 100 randomly sampled instances from the
benchmark and tune each model for the optimal Jaccard Index [4].
We then select all options with probabilities above this threshold.
This probability-based method applies only to models with accessi-
ble token likelihoods. Finally, we also evaluate the performance of
non-expert humans on the benchmark (Appendix E).

Evaluation of SATA question responses requires metrics that
capture partial correctness , penalize inappropriate selections, and
identify bias. We organize our evaluation into three categories:
performance metrics that measure correctness and speculation,
selection bias metrics that quantify positional preferences, and
count bias metrics that assess quantity prediction accuracy. Detailed
explanations for all metrics appear in Appendix F.
Performance and Speculation Bias Metrics. We employ four
metrics to assess answer correctness [53]. Jaccard Index (JI) mea-
sures the intersection-over-union between predicted and gold labels,
providing credit for partial matches. A low JI also re�ects limited
overlap between predicted and gold labels, indicating speculation
bias. False Positive Rate (FPR) measures the proportion of questions
where models select any incorrect option, directly quantifying spec-
ulation bias. Exact Match (EM) requires the predicted set to exactly
match the gold set, representing the most stringent evaluation cri-
terion.
(Un)selection Bias Metrics. To characterize positional prefer-
ences, we measure models' tendencies to favor or avoid speci�c
option positions. We use RStd [61] and RSD [10, 47] to quantify
selection bias toward particular option IDs. Additionally, we intro-
duce Selection Probability Divergence (SPD) to measure unselection

bias�the systematic tendency to avoid certain options regardless
of content (detailed in Appendix G).
Count Bias Metrics. Models often select fewer options than war-
ranted, necessitating specialized metrics for quantity assessment.
We measure: (i) mean signed di�erence between selected and cor-
rect counts (CtDif ), where negative values indicate under-selection;
and (ii) percentage of cases with exact count matches (CtAcc) to
assess quantity prediction accuracy.

3.1 Key Observations
SATA-Bench is challenging and di�erent. 13 models achieve
a JI above 70%, but none surpass 42% EM. This shows that while
models often identify some correct answers, they fail to consistently
recover the full set.

Proprietary models generally achieve higher JI and Precision
than open-source ones. Unlike other benchmarks, no single model
dominates across all metrics. Notably, larger and more recent mod-
els do not always perform better. For instance, Claude 3 Sonnet
outperforms Claude 3.5 Sonnet and Claude 3 Opus in exact match,
though within the Claude family, larger models consistently have
higher precision (e.g., Claude 3 Opus has the highest precision
among the Claude 3 variants). According to [3, 13], these results
contrast with performance on single-answer Multi-Choice Ques-
tion (MCQ) benchmarks such as MMLU [24] and ARC [8], where
larger or newer models typically show clear gains. Large reasoning
models (LRMs) are slightly better than their non-reasoning counter-
parts in JI but failed to reduce selection and count bias. We provide
a case study in Appendix R to investigate LRM's behavior.
Models choose too few answers. Nearly all LLMs tend to select
fewer answers than required. For example, Llama 3.1 70B selects,
on average, one fewer option per question than the correct number.
Accordingly, it achieves the highest precision but the lowest Jaccard
Index (JI). The tendency to under-select increases as the number
of correct answers grows (Figure 11), which in turn depresses JI
for questions with many correct choices (Figure 12). Even the best
model achieves a CtAcc of only 48%, predicting the correct number
of answers in fewer than half of the questions. We hypothesize
that this behavior stems from models being primarily trained and
evaluated on benchmarks with single correct answers, making
them poorly suited for SATA tasks. A t-test con�rms this under-
selection: the mean of CtDif is signi�cantly below 0 (one tailed),
with ? = 1”70 � 10�6 , C = �5”82, �>� = 24. However, CtAcc
generally improves for stronger-performing models, suggesting
that model capability helps but does not eliminate count bias (See
Figure 15).
Stronger models speculate a lot. LLMs also over-select, consis-
tently choosing incorrect options, with all models exceeding a 20%
FPR. More than 70% of the models predict at least one incorrect
choice more often than they produce exact matches, underscoring
their speculating behavior. Interestingly, stronger-performing mod-
els tend to speculate more: FPR and EM are positively correlated
(A =0”61,? = 8 � 10�4 , �>� = 23.) (Figure 14) This dual trend sug-
gests that as models improve in identifying correct answers, they
also become more prone to speculation, highlighting the di�culty
of disentangling genuine knowledge from overcon�dence in LLM
predictions.
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Figure 2: SATA-Bench Evaluation Dataset Overview. SATA-Bench covers a diverse set of topics and achieves a balance between
readability and di�culty (measured by confusion score). d1: Reading Comprehension, d2: Toxicity, d3: News, d4: Biomedicine,
d5: Laws, and d6: Events.

Unselection bias exists. Welch's t-test on Selection Probability
Divergence (SPD) from our benchmark with 1,000 randomly sim-
ulated SPDs, shows that LLMs' SPD is signi�cantly higher than
random (? = 0”0467,�>� = 23,C =1”75). While Gemini 2.5 is the
best performed model in (un)selection bias, it still underperforms
on label M, with its recall rate 6.3% lower than its overall average
recall (Figure 10).

3.2 Ablation Studies
We conducted ablation studies to test di�erent strategies for im-
proving model performance. We report the average results across
three models (Llama 3.1 405B, Nova Pro, Claude 3.5 Haiku) selected
for diverse pro�les in terms of cost, open-source availability, and
overall performance. The complete prompts are provided in Ap-
pendix H.3. We tested multiple strategies to improve performance,
but none produced consistent or signi�cant gains, suggesting that
prompting alone is insu�cient for enhancing SATA performance.
� Changing option symbols. Replacing the default option IDs

(A/B/C/D) with a/b/c/d or 1/2/3/4 did not reduce selection bias.
While the numeric format slightly improved exact match, it also
increased selection bias and reduced precision. Overall, it's inef-
fective.(rows 1�3, Table 3).

� Few-shot prompting. Providing few-shot examples before test
questions produced no meaningful improvements (row 4, Ta-
ble 3).

� Option-by-option prompting. Inspired by survey methodol-
ogy [44, 51], we instructed models to evaluate each option indi-
vidually. However, models still under-selected and showed no
overall improvement (rows 5�6, Table 3).

With additional information, two strategies improved performance
and provided insight into why models struggle:

� Providing the number of correct answers. To assess how
much error stems from uncertainty about the number of valid
options, we explicitly told models how many correct answers
each question contained. This increased exact match by 20.95
points and reduced selection bias (RStd). However, giving only
the average number of correct answers across the dataset reduced
performance (rows 7�8, Table 3).

� Decomposing into single-choice tasks. For a question with
three correct and six incorrect options, we converted it into three

separate single-choice questions (one correct + six incorrect each).
We rede�ned exact match as the proportion of original questions
where all expanded items were answered correctly. This raised
performance by 12.53% (row 9, Table 3), showing that SATA
questions are much harder for LLMs than single-choice ones.

Together, these results suggest that while models can often iden-
tify individual correct answers, their lack of awareness of how
many answers to select is a key failure mode, highlighting the need
for specialized decoding strategies.

4 Improving Performance on SATA Questions
This section focuses on improving performance in open-source
models, which expose token-level logits that proprietary models
do not. Section 3 demonstrates that simple probability-based meth-
ods perform poorly in SATA: they struggle with threshold cali-
bration, positional bias (Table 2), and uncertainty, leading to high
false-positive rates. These failures stem from three systematic bi-
ases�speculation, unselection, and count bias�which further de-
grade performance. To address unselection bias, we can draw
from prior research on token debiasing methods [7, 61] in the MCQ
setting, where selection bias is attributed to the a priori probability
mass assigned by the model to speci�c option IDs. These meth-
ods propose various techniques to capture and remove such biases.
We hypothesize that these techniques can be adapted to mitigate
unselection bias in SATA tasks. To address speculation bias, we
want to design a mechanism to encourage LLMs to abstain rather
than speculate under uncertainty. To address count bias, we can
consider retrieving the predicted probabilities of option IDs and
select options whose probabilities exceed a prede�ned threshold.
However, because SATA-Bench includes a large option set, the
probability distribution decays rapidly, with most options receiving
near-zero probability mass beyond the �rst few choices. This makes
it challenging to establish a reliable threshold. Converting SATA
questions into multiple binary classi�cation problems helps but
signi�cantly increases inference cost.

These observations also explain why naive extensions of tradi-
tional greedy selection or �xed probability thresholding, which are
common in selective prediction and multi-label output, perform
poorly in SATA. Such methods do not explicitly correct positional
bias, lack a principled way to set model-speci�c thresholds, and
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Table 2: Performance comparison of 32 di�erent LLMs across various metrics on SATA-Bench. We highlight the best (bold) and
second-best (underline ) values. Columns labeled [( " )] indicate higher-is-better; columns labeled [( #)] indicate lower-is-better.
Models with explicit reasoning capabilities are highlighted in italic. All numeric values are rounded to two decimal places.
We retrieve exact labels for models evaluated using Inference-Based Retrieval + CoT prompting. For models evaluated under
Probability-Based Retrieval, we select labels based on token probability thresholds.

Performance Selection Bias Count Bias

Model Name JI" FPR# EM" SPD# RStd# RSD# CtDif CtAcc"

Inference Based Retrieval + CoT

O3 73.91 31.58 41.77 0.38 6.79 0.06 -0.39 46.12
GPT 4.1 75.23 40.37 40.49 0.13 5.98 0.06 -0.04 45.52
GPT-OSS 120B 74.28 37.53 40.29 0.19 6.31 0.07 -0.16 47.57
Grok 3 Think 74.40 43.10 39.71 0.30 6.26 0.07 0.06 44.24
GPT 4 74.11 38.42 39.47 0.21 6.63 0.06 -0.20 46.61
Claude 3.7 Think 70.96 35.16 37.92 0.46 18.77 0.34 -0.32 44.48
Claude 3.7 70.98 33.10 37.82 0.49 6.59 0.25 -0.43 43.58
Claude 3 Sonnet 70.72 38.81 36.49 0.36 7.37 0.07 -0.35 48.00
Gemini 2.5 Think 72.58 42.16 36.46 0.12 4.76 0.06 -0.01 43.76
Claude 3.5 Haiku 71.12 50.01 35.89 0.33 7.31 0.35 0.18 42.61
Claude 3 Haiku 70.63 40.84 35.64 0.42 6.24 0.07 -0.22 47.15
Claude 3 Opus 70.15 34.17 35.59 0.62 8.26 0.07 -0.52 44.36
Gemini 2 Flash 70.71 40.79 34.60 0.17 6.14 0.06 -0.23 39.94
GPT 4.1 mini 69.90 37.31 33.46 0.30 6.69 0.06 -0.39 38.61
Nova Pro 68.92 31.64 32.95 0.52 7.92 0.07 -0.55 39.27
Claude 3.5 Sonnet 67.15 34.25 32.22 0.43 8.41 0.09 -0.46 38.55
Llama 3.1 405B 67.18 35.06 30.17 0.33 6.90 0.45 -0.39 36.30
Nova Lite 63.75 39.88 29.11 0.52 9.12 0.45 -0.51 37.39
Deepseek R1 64.49 34.89 28.17 0.94 17.44 0.03 -0.57 33.52
GPT-OSS 20B 60.73 40.90 27.35 0.77 11.05 0.10 -0.53 31.80
Mistral Large V2 57.16 27.23 22.83 1.33 10.89 0.12 -1.10 27.27
Qwen Plus 55.74 24.03 21.12 2.24 10.72 0.11 -1.18 24.85
Nova Micro 55.77 29.28 18.37 1.84 11.10 0.27 -1.09 24.30
Llama 3.2 90B 55.78 23.81 18.30 1.84 11.10 0.27 -1.09 24.30
Llama 3.1 70B 55.59 23.92 17.94 1.81 10.06 0.10 -1.12 22.12
Non-expert Human 45.02 � 17.93 1.46 15.32 1.46 -0.6 34.12

Probability Based Retrieval

Mistral 8B 46.63 32.21 14.73 11.42 19.47 1.27 -1.35 21.01
Llama3 8B 43.64 30.06 13.82 12.09 17.85 1.09 -1.59 22.00
BLOOMZ 7B 41.15 57.76 11.27 20.62 29.00 1.51 -0.87 20.09
DeepSeek R1 Distill 8B 40.02 45.33 8.85 13.38 21.62 1.14 -1.29 20.42
Qwen2.5 14B 37.58 17.27 6.30 21.01 18.02 1.06 -2.24 11.93
Phi3 7B 34.57 17.64 2.97 23.22 18.57 1.22 -2.33 7.22
Phi4-mini-reasoning 29.69 26.73 2.12 21.62 13.90 1.59 -2.37 7.35

o�er no mechanism to abstain when the model is uncertain. As a re-
sult, they exhibit low exact-match accuracy and high false-positive
rates in our experiments (see Table 3).
Choice Funnel Algorithm. With the above consideration, we
propose a decoding method called Choice Funnel (Algorithm 1) tai-
lored to solve SATA problems. This approach �rst adds an auxiliary
option �None of the Above,� then selects the option with the highest
debiased token probability and removes it from the option set. The
process repeats iteratively until one of two stopping conditions is

met: (i) the model selects �None of the Above� or (ii) the probability
of the next option falls below a prede�ned con�dence threshold.

The addition of an auxiliary option is inspired by recent research
that LLMs exhibit biases similar to those observed in human re-
sponses [7, 17], aiming to reduce LLM speculation. While �I don't
know� (idk) is the most common option used to improve survey data
quality [50] and have been suggested in recent LLM research [26],
NOTA consistently outperforms idk (see ablation study in Appen-
dix M.1). Appendix M.6 further shows that Choice Funnel is not
sensitive to a single tuned threshold: across thresholds from 0.6 to
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Table 3: Average performance of three models. The �rst col-
umn shows row numbers for reference.

Experiment EM Precision RStd CtDif
1 1/2/3/4 35.50 82.99 10.22 -0.37
2 a/b/c/d 30.69 83.10 11.56 -0.26
3 default 33.00 84.62 7.37 -0.25
4 few shots 28.35 76.61 17.33 -0.42
5 option by option 30.50 86.28 4.81 -0.64
6 option few shots 30.87 85.80 7.93 -0.48
7 with avg count 27.33 76.17 14.90 -0.40
8 with count number 53.95 83.30 3.45 -0.08
9 single choice 45.53 NA NA NA

Algorithm 1: Choice Funnel
Input :LLM c \ , SATA problem T, option set O,

#$) � stop option, g con�dence threshold

# Initialize the selected option set
R  ;
while O < ; do

# Generate prompt with available options
P  MakeSATAPrompt¹T• Oº
# Get �rst token probability distribution and apply token
debiasing

?  DebiasingFunction¹c \ ¹ � jPº º
# Select option with highest probability
>  arg max >2O ? ¹>º
# 1. stop when "None of the above" is selected
if > = NOTA then

break
end
R  R [ f>g
# 2. stop when the con�dence threshold is reached
if ? ¹>º Ÿ g then

break
end
if length¹Rº = 1 then

O  O [ fNOTA}
end
O  O n f>g

end
Output : R

0.95, Choice Funnel consistently outperforms �rst-token threshold-
ing on EM, JI, SPD, and CtAcc for both Mistral-8B and Qwen2.5-
14B-Instruct. The intuition behind the second stopping condition
comes from our �nding that output probabilities correlate with the
number of correct options the model considers: the highest token
probability tends to be lower at the beginning of iterations, when
the model treats multiple options as equally plausible. Later in the
process, relatively higher probability is assigned to the �nal re-
maining correct option in the set. We also show that Choice Funnel
achieves the best performance when both stopping conditions are
used together (see ablation study in Appendix M.3).

Regarding the choice of DebiasingFunction in Algorithm 1, Choice
Funnel is �exible and can incorporate any token debiasing method
proven e�ective in MCQ settings. We demonstrate one such method
in Section 4. See ablation study on each sub-component in Appen-
dix M.2. Finally, the inference cost of Choice Funnel, measured
by the number of model forward passes, scales linearly with the
number of correct labels rather than the number of total labels. This
makes the method especially e�cient when correct labels constitute
only a small fraction of the option set.

Experimental Setup. In our experiments we adapted the PriDe
algorithm [61] as DebiasingFunction in Algorithm 1 due to its label-
free design and computational e�ciency. It works by �rst estimating
the model's prior bias toward speci�c option ID tokens (e.g., A, B,
C) through random permutations of option contents in a small
subset of test samples (10% of the data in our experiments). We
then use this estimated prior to adjust the prediction distribution
on the remaining samples, thereby separating the model's inher-
ent positional and token biases from its task-speci�c predictions.
Because the original PriDe algorithm was designed for standard
single-answer MCQ tasks, we modi�ed it to better �t the SATA
setting (see Appendix K).

We evaluate the performance of Choice Funnel against three
baseline methods that rely on �rst-token probabilities: (i) using
the �rst-token probability with a �xed threshold, as de�ned in Sec-
tion 3 (referred to as �rst token); (ii) applying PriDe debiasing on
top of the �rst-token method [61], current best-performed method
in terms of speed and accuracy in solving MCQs. (referred to as �rst
token debiasing); and (iii) converting each option into an individual
binary yes/no question (referred to as yes/no). Other advanced cali-
bration methods cannot generalize to SATA or require an extensive
dataset to �ne-tune the model. In this study, we use standardized
prompts (Appendix H) and experiment with seven LLMs from Ta-
ble 2 that fall under the Probability-Based Retrieval category (details
in Appendix L). For each model, we compute the metrics reported
in Table 2 and additionally report an InfCost metric to capture the
number of model forward passes required for each method.
Key Observations. Choice Funnel consistently outperforms all
three baselines across all seven models in EM, SPD, and CtAcc (Ta-
ble 4). Choice Funnel reduces unselection bias, speculation bias, and
count bias�compared to the �rst token baseline, it achieves an aver-
age 56.2% reduction in SPD, 36.4% improvement in JI, and 154.6%
improvement in CtAcc, and a 277.5% gain in Exact Match (EM)
performance. While reasoning models also show improvements
with Choice Funnel, we exclude them from aggregate calculations
since their exceptionally low baselines would in�ate relative gains.
Against the strongest baseline, the yes/no approach, Choice Fun-
nel delivers a 29.9% improvement in EM while reducing model
forward passes by 64.5% through its early stopping mechanism,
demonstrating scalable inference e�ciency. A t-test con�rms that
Choice Funnel signi�cantly outperforms both yes/no and �rst token
debiasing on EM and CtAcc, with a maximum p-value of 0”0079 and
t statistics of 4”92. Although our models' parameter sizes (7B�14B)
limit direct comparison to much larger proprietary systems, Choice
Funnel's performance on the phi3-small model still surpasses that
of larger models such as Llama-90B and Mistral-Large V2 (Table 2),
underscoring the e�ectiveness of our method. Each component
of Choice Funnel is essential (Appendix M) and it performs well
across larger models (Appendix M.4) and black-box settings (Ap-
pendix M.2).

5 Related Work
SATA Benchmark. Most multiple-choice (MCQ) benchmarks as-
sume a single correct answer and therefore cannot evaluate an
LLM's ability to select multiple correct options. While multi-label
classi�cation (MLC) allows multiple labels per instance, it di�ers
fundamentally from the SATA question format: MLC operates over
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Table 4: Performance of various models on SATA-Bench using di�erent decoding methods. Choice Funnel achieves consistently
stronger results, e�ectively reducing selection and count bias compared to three baseline methods. The best values in each
column are shown in bold. Columns labeled [ " ] indicate higher-is-better, while columns labeled [ #] indicate lower-is-better. All
values are rounded to two decimal places. CtAcc is reported on a [0, 1] scale.

Model Name EM" Recall" JI" SPD# CtAcc" InfCost#

Mistral-8B + �rst token 14.73 53.23 46.63 11.42 0.21 1650
Mistral-8B + �rst token debiasing 8.91 37.97 34.27 152.23 0.14 2534
Mistral-8B + yes/no 16.48 55.91 48.80 12.88 0.21 15517
Mistral-8B + Choice Funnel 20.24 55.78 52.56 8.50 0.27 4803
Phi3-7B + �rst token 2.97 35.67 34.57 23.22 0.07 1650
Phi3-7B + �rst token debiasing 1.76 28.24 27.47 175.24 0.05 2534
Phi3-7B + yes/no 25.45 72.40 60.03 1.39 0.30 15517
Phi3-7B + Choice Funnel 29.27 70.24 61.85 3.47 0.38 6339
Qwen2.5-14B + �rst token 6.30 38.76 37.58 21.01 0.12 1650
Qwen2.5-14B + �rst token debiasing 4.61 31.49 30.36 154.26 0.09 2534
Qwen2.5-14B + yes/no 25.64 60.56 56.18 2.76 0.31 15517
Qwen2.5-14B + Choice Funnel 27.82 67.07 61.12 3.80 0.35 6005
BLOOMZ-7B + �rst token 11.27 50.80 41.15 20.62 0.20 1650
BLOOMZ-7B + �rst token debiasing 7.09 38.41 32.05 149.17 0.15 2534
BLOOMZ-7B + yes/no 11.93 42.67 29.40 17.78 0.13 15517
BLOOMZ-7B + Choice Funnel 20.18 54.90 46.15 9.82 0.32 5440
Llama3-8B + �rst token 13.82 47.37 43.64 12.09 0.22 1650
Llama3-8B + �rst token debiasing 7.58 32.28 30.38 151.74 0.14 2534
Llama3-8B + yes/no 14.85 65.61 51.43 1.91 0.23 15517
Llama3-8B + Choice Funnel 19.88 56.19 50.36 7.75 0.33 4975
Phi4-mini-reasoning + �rst token 2.12 30.82 29.69 21.62 0.07 1650
Phi4-mini-reasoning + �rst token debiasing 1.27 25.74 24.51 156.16 0.07 2534
Phi4-mini-reasoning + yes/no 4.36 81.59 45.24 7.09 0.10 15517
Phi4-mini-reasoning + Choice Funnel 18.42 54.84 49.14 3.30 0.27 6003
DeepSeek-R1-Distill-Llama-8B + �rst token 8.85 45.81 40.02 13.38 0.20 1650
DeepSeek-R1-Distill-Llama-8B + �rst token debiasing 5.45 31.12 28.48 134.36 0.14 2534
DeepSeek-R1-Distill-Llama-8B + yes/no 0.12 89.51 40.19 27.96 0.01 15517
DeepSeek-R1-Distill-Llama-8B + Choice Funnel 14.36 45.56 42.87 12.37 0.21 4630

a �xed label set with independently scored labels (e.g., via sigmoid
outputs and thresholding), whereas SATA questions present a small,
semantically interdependent set of natural-language options and
require joint reasoning to explicitly choose the correct subset. Exist-
ing MLC datasets [16, 28, 31] are primarily designed for document
or text classi�cation. They often involve from dozens to hundreds
of labels (sometimes hierarchically structured or in the extreme
MLC regime) and high-dimensional sparse text features rather than
bounded option sets [36]. Many also focus on domain-speci�c tasks
such as news topic categorization [34], emotion analysis [16], legal
judgment classi�cation [15], or music understanding [60], limiting
their relevance to general-purpose SATA-style reasoning. Recent
LLM-focused MLC work [37] similarly adapts LLMs to traditional
MLC pipelines without studying how models reason over SATA-
formatted questions, leaving this evaluation gap unaddressed.
Selection Bias. Prior studies show that LLMs favor certain options
based on order or symbols when answering MCQs [23], though
these analyses focus on single-answer settings. Calibration methods
using option priors have been proposed [61], but their applicability
to SATA tasks remains unclear.
Uncertainty and Survey Methodology. Work on uncertainty
quanti�cation has been extensive [53], but is generally framed for
probabilistic classi�ers rather than multi-answer reasoning. In our

setting, uncertainty manifests as systematic speculation bias in LLM
predictions. Similarly, survey methodology highlights the role of
abstention options such as �I don't know� or �None of the Above�
in reducing respondent bias [17]. Choice Funnel incorporates ab-
stention to mitigate speculation in SATA tasks.

6 Conclusion
We introduced SATA-Bench, a dataset of over 10K human-validated
SATA questions across six domains, and evaluated 32 LLMs. Even
the best model achieves only 41.8% exact match accuracy, with
failures driven by three systematic biases: unselection, count, and
speculation. Although models can often identify individual correct
options, our ablation studies show that they lack reliable mecha-
nisms for estimating the correct number of answers. To address
these gaps, we proposed Choice Funnel, a decoding algorithm that
combines token debiasing, adaptive thresholding, and abstention
handling. Choice Funnel improves the exact match by up to 30%
while reducing the inference cost by 64%, demonstrating that tar-
geted decoding strategies can mitigate systematic errors in multi-
answer reasoning. SATA-Bench thus provides both a standardized
benchmark and a diagnostic platform to analyze the LLM failure
modes. We hope it will guide the development of models better
suited for real-world applications where partial correctness is in-
su�cient.
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Reproducibility Statement
Researchers can use SATA-Bench in three modes: (i) model ranking
using exact match and Jaccard Index, (ii) behavioral diagnosis using
unselection, speculation, and count-bias metrics, and (iii) decoding-
method evaluation using Choice Funnel-compatible probability-
based or black-box settings.
Dataset. We describe the SATA transformation process in Sec-
tion 2”1, the question-�ltering pipeline in Section 2”2, and the
dataset characteristics in Section 2”3. Complete �ltering details, in-
cluding human validation, redundancy checks, and contamination
screening, are provided in Appendix B. A detailed dataset descrip-
tion appears in Appendix A. We release three datasets in the Supple-
mentary Materials: (i) the post-validation setsata-bench-raw-v2.json
(� 7”98k items after �ltering by human validation); (ii) the single-
choice subsetsata-bench-single.json (� 1”57k items); and (iii)
the human-annotated setsata-bench-v2.json (� 1”5k items). In
total, these releases comprise over 10 examples.
Evaluation. Evaluation details are described in Section 3. Computa-
tional resources used for evaluation are listed in Appendix D. Exact
model versions are reported in Table 8. Inference code is provided
in sata_eval.py (Supplementary Materials). Human evaluation
procedures are documented in Appendix E. All metrics are detailed
in Appendix F, with implementations inmetric.py . All prompts
are documented in Appendix H. Our handling of inference errors
is described in Appendix I. To reproduce inference and ablation
studies, run bash run.sh.
Choice Funnel. Choice Funnel is described in Section 4. A detailed
description of the benchmarked method appears in Appendix K,
with code indebiasing.py . The experimental setup is provided
in Appendix L. Ablation studies are reported in Appendices M
and E. The full Choice Funnel implementation is provided in the
choice_funnel directory in the Supplementary Materials.
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Dataset Impact & Reuse
SATA-Bench is designed to serve as a reusable evaluation infras-
tructure for studying multi-label decision quality in modern data
mining systems. Many real-world analytics pipelines�such as con-
tent moderation, risk and compliance tagging, medical coding, legal
document classi�cation, and event categorization�require select-
ing a complete and precise set of labels rather than a single best
answer. Errors in these settings propagate downstream, degrading
aggregation, alerting, and decision-making. SATA-Bench enables
systematic measurement of such failures, which are largely invisible
under standard single-answer or binary evaluation protocols.

Beyond benchmarking LLMs, SATA-Bench can be reused for
multiple research and development purposes. (i) It provides a stan-
dardized testbed for evaluating and comparing multi-label predic-
tion methods, calibration strategies, and abstention mechanisms
under realistic uncertainty. (ii) The dataset supports analysis of sys-
tematic decision biases, including under-selection, over-selection,
and cardinality mismatch, making it suitable for auditing and stress-
testing deployed decision systems. (iii) SATA-Bench can be used
to develop and validate new evaluation metrics that go beyond
accuracy and better re�ect decision quality in multi-label analytics.

Finally, SATA-Bench is released with detailed metadata, dataset
cards, and reproducible evaluation scripts, facilitating adoption by
both academic researchers and practitioners. We anticipate that the
benchmark will be reused for model evaluation, diagnostic analysis,
and methodological development in trustworthy and reliable data
mining systems, particularly in settings where partial correctness
is insu�cient and decision completeness is critical.
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Ethics Statement
Intended Use and Bene�ts. By diagnosing unselection, specula-
tion, and count biases and proposing a mitigation method (Choice
Funnel), this work aims to reduce systematic failure modes that
could otherwise yield missed or spurious labels in applications such
as content moderation, information extraction, or biomedical tag-
ging. The benchmark is released to facilitate open evaluation and
comparative analysis.
Data Provenance and Annotators. Sata-Bench is constructed
from publicly available textual sources, carefully �ltered and human-
validated for clarity and di�culty. We leverage Amazon Bedrock
Guardrails to identify and remove any questions containing per-
sonally identi�able information (PII). We follow all source licenses
and usage policies and do not collect new PII. An internal ethics
review was conducted prior to conducting any human annotation
or validation for this research.
Avoiding Harm. The goal of this work is to identify and reduce
potential harms from LLMs when working on multi-answer ques-
tions. To mitigate such risks, we: (1) center the work on evaluation
to systematically diagnose where harms arise; (2) report detailed
statistics; and (3) propose and benchmark a decoding algorithm
that explicitly mitigates these biases.
Limitations. SATA-Bench currently focuses on text-only SATA
tasks. Extending the benchmark to multimodal SATA settings, such
as questions grounded in images, charts, tables, or mixed text-visual
evidence, is an important direction for future work.

Appendix
A Dataset Description
In this section, we describe the original datasets and their charac-
teristics in detail.

Reading Comprehension is a dataset of short paragraphs and
multi-sentence questions that can be answered from the content of
the paragraph. Some questions contain multiple correct answers.
The dataset we use is from (https://cogcomp.seas.upenn.edu/multirc/).
The metadata is licensed under the Research and Academic Use
License. We chose this dataset for the following 3 reasons.

(1) The number of correct answer-options for each question is
not pre-speci�ed. This removes the over-reliance of current
approaches on answer-options and forces them to decide on the
correctness of each candidate answer independently of others.
In other words, unlike previous work, the task here is not to
simply identify the best answer-option, but to evaluate the
correctness of each answer-option individually.

(2) The correct answer(s) is not required to be a span in the text.
(3) The paragraphs in our dataset have diverse provenance by being

extracted from 7 di�erent domains such as news, �ction, histor-
ical text etc., and hence are expected to be more diverse in their
contents as compared to single-domain datasets. The goal of
this dataset is to encourage the research community to explore
approaches that can do more than sophisticated lexical-level
matching.

Toxicity is adapted from RealToxicPrompts. The dataset se-
lect prompts from sentences in the OPEN-WEBTEXT CORPUS
(Gokaslan and Cohen, 2019), a large corpus of English web text

scraped from outbound URLs from Reddit, for which we extract
TOXICITY scores with the PERSPECTIVE API. To obtain a strati�ed
range of prompt toxicity, we sample 25K sentences from four equal-
width toxicity ranges ([0,.25), ..., [.75,1]), for a total of 100K sentences.
We then split sentences in half, yielding a prompt and a continua-
tion, both of which we also score for toxicity. For each data point, we
provide the de�nition for each category as well as shu�e the choices
for each category. We only classify the case when the category's sum
of prompt and continuation score is above 1.5 for each label. The
dataset we use is from (https://huggingface.co/datasets/allenai/real-
toxicity-prompts). The metadata is licensed under the Apache Li-
cense.

News is processed from Reuters text categorization test collec-
tion dataset. It contains a collection of documents that appeared on
Reuters newswire. There are originally 120 related topics, where
each document can be related to multiple topics. There are two
challenges related to this dataset preparation: 1. The number of
topics can be too large for a small number of selections. 2. Some
popular topics are commonly included in the documents, making
a certain choice much more popular than other choices, which
can bias the models in our study. With this in mind, we limit our
selection to 10 options from the 120 topics for each documents, and
the remaining choices are selected randomly from the topic pool;
we also re-label the choices using unique mapping per document to
keep the �nal answers evenly distributed between all letter choices
(e.g. A/B/C/D...). The dataset we use is from https://archive.ics.uc
i.edu/dataset/137/reuters+21578+text+categorization+collection.
This dataset is licensed under a Creative Commons Attribution 4.0
International (CC BY 4.0) license.

Biomedicine is adapted from the PubMed MultiLabel Text Clas-
si�cation Dataset, which is a collection of research articles from the
PubMed repository. Originally, these documents are manually an-
notated by Biomedical Experts with their Medical Subject Headings
(MeSH) labels, and each article are described in terms of 10-15 MeSH
labels. The adopted dataset has been processed and mapped to its
root level with 15 distinct MeSH labels in total. The dataset we use
is from https://www.kaggle.com/datasets/owaiskhan9654/pubmed-
multilabel-text-classi�cation. This dataset is licensed under a CC0:
Public Domain license.

Laws is adapted from EURLEX57K which contains 57k legislative
documents in English from EUR-Lex https://eur-lex.europa.eu
with an average length of 727 words. All the documents of the
dataset have been annotated by the Publications O�ce of EU https:
//publications.europa.eu/en with multiple concepts from EUROVOC
http://eurovoc.europa.eu/. EURLEX contains 7201 concepts. There
are two challenges when converting this dataset to multi-choice
question answering dataset: 1. The 7201 concepts is too big a pool
for a small number of selection, most documents have <10 concepts
in this dataset. 2. Some popular concepts are included in a number of
documents, making a certain choice much more frequent than other
choices. This is problematic because it may force the model to learn
the popular letter of choice rather than the content of the questions.
With this in mind, we limit our selection to 15 options from the
7201 topics pool for each document, and the remaining choices are
selected randomly from the topic pool; we also shu�e and re-label
the choices using unique mapping per document to keep the �nal
answers evenly distributed between each letter choice. The dataset
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we use is from https://paperswithcode.com/dataset/eurlex57k. This
dataset is licensed under Apache License.

Events is adapted from the �events classi�cation biotech" dataset,
which contains diverse biotech news articles consisting of various
events. The curated dataset comprises 3140 questions, each with
5 event choices per document. Six choices are provided for each
question. The dataset we use is from https://huggingface.co/dat
asets/knowledgator/events_classi�cation_biotech. This dataset
is licensed under the Open Data Commons Attribution License
(ODC-By) v1.0

B Dataset Filtering
The Biomedicine, Law, and Events datasets were originally multi-
label classi�cation tasks, which we adapted into SATA questions
by creating distractor (incorrect) choices from the unselected la-
bels. There are two challenges when converting these datasets to
SATA format: 1. Many of them have a large label pool with only a
few correct answers, which is not reasonable for multiple-choice
questions. 2. There can be some popular answers frequently exist
in the original data, making certain choices more frequent than
others. This is problematic because it may force the model to learn
the popular token of choice (e.g. Choice A/a/1) rather than the
content of the questions. For example, the law dataset is originally
from EUR-Lex data [18] contains 57k legislative documents in Eng-
lish (https://eur-lex.europa.eu) annotated by the Publications O�ce
of EU (https://publications.europa.eu/en) with over 7k concepts
from EUROVOC (http://eurovoc.europa.eu/). To address the �rst
challenge, we kept an option-to-answer ratio between 2 and 3, con-
sidering the balance between the number of correct answers and
incorrect choices. The distractors were sampled randomly from the
topic pool. We also shu�ed and re-labeled the choices using unique
mapping per question to keep the �nal answers evenly distributed
between each choice token. An example question from each data
source is shown in Figure 4.

B.1 Initial Filtering
We manually �ltered out questions that contain vague quantities,
degrees of likelihood, temporal ambiguity, qualitative subjectivity,
comparative uncertainty, general and unde�ned references. We
use AWS Comprehend to remove questions that contain personal
�nancial information or contact information. We leave questions
that contain public available information such as the company name
and address. All �ltered words are mentioned below in Table 7.

Table 7: Identi�ed categories of vague terms along with rep-
resentative examples

Category Examples
Vague Quantities some, several, many, few, a lot, plenty,

numerous, various, partially, a handful,
a bit, a portion

Degrees of Likelihood maybe, possibly, probably, likely, un-
likely,
apparently, presumably, seemingly, con-
ceivably,
arguably, occasionally

Temporal Ambiguity sometimes, often, rarely, occasionally,
once in a while, from time to time,
now and then, every so often

Qualitative Subjectivity bad, nice, signi�cant, substantial,
important, interesting, su�cient,
adequate, reasonable, moderate

Comparative Uncertainty more or less, about, around, roughly,
close to, kind of, sort of, nearly,
almost, approximately

General and Unde�ned References thing, things, anything, everything,
whatever, such, kind, type, sort

While we cannot entirely eliminate the possibility of memoriza-
tion, we applied the open-source contamination detection pipeline[35].
Using the Bing Search API, we found top 20 relevant queries per
question to check for verbatim web overlap. We then cross-referenced
hits with Common Crawl indexes. We exclude questions that were
�agged as contaminated, indicating that our data is neither in-
dexed in Common Crawl nor retrievable via public search. This
reduces the likelihood that any model saw our questions during
pre-training.

B.2 Human Validation
Human validation is to ensure that the questions are unambiguous.
Using humans to validate the question is inspired by [38, 54]. For
each question in the benchmark, we ask �ve annotators whether
the question contains ambiguous information.

Human Validation

You are presented with the following:
Paragraph: paragraph
Question: question
Choices: choice
The question text and answer choices are clearly written:
Strongly agree
Agree
Neither agree nor disagree
Disagree
Strongly Disagree
Answers:

Once it is done, the total cost is tracked (1301.89), with 5 people
per label at a cost of 0.012 each. We only select questions that are
�Strongly agree� and �Agree" ¡ 0”8.

B.3 Redundancy and Consistency Analysis
To ensure the diversity of the dataset labels, we ensure that our
answer group has labels with di�erent similarity. To assess label
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Figure 3: SATA-Bench Data Curation Process. The source data is converted to SATA format and then �ltered for readability,
diversity (via question similarity), di�culty (via confusion scoring), and clarity (via human validation). Additional dataset-
speci�c transformation steps are described in Appendix B.

Figure 4: Representative examples of questions from various data sources used to construct SATA-Bench.

Table 5: Statistics of the SATA-Bench evaluation dataset (by data source). We report the following metrics: n: number of
instances, LC: label cardinality, m: mean number of correct answers, me: median number of correct answers, min: minimum
number of correct answers, max: maximum number of correct answers, r: ratio of the number of choices to the median number
of correct answers (LC/me), w: mean word count, FRE: Flesch Reading Ease score, FGL: Flesch-Kincaid Grade Level score, ARI:
Automated Readability Index, DCR: Dale-Chall Readability score, GFI: Gunning Fog Index, Confusion: mean confusion score.
The �nal row summarizes these metrics across the entire SATA-Bench dataset.

Data Source n LC m me min max r w FRE FGL ARI DCR GFI Confusion
Reading Comprehension 258 3�15 2.8 2 2 10 na 2018.46 59.94 9.22 12.57 9.27 9.75 0.33
Toxicity 221 8 2.56 2 2 6 4 1015.32 37.83 12.28 13.33 10.49 12.57 0.27
News 248 6 2.36 2 2 5 3 785.93 62.51 8.92 11.15 11.1 10.94 0.26
Biomedicine 260 15 5.67 5 2 12 3 1540.47 40.82 10.95 12.41 10.83 12.29 0.21
Laws 281 15 5.3 5 2 10 3 5761.69 45.09 12.29 14.06 8.75 12.07 0.14
Events 202 6 2.63 2 2 5 3 3644.06 50.64 10.83 13.08 9.7 11.8 0.25

SATA-Bench 1470 3-16 3.55 3 2 10 3.2 2491.01 49.56 10.75 12.80 9.96 11.51 0.24
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Figure 5: Confusion score distribution across all questions before �ltering. d1: Reading Comprehension, d2: Toxicity, d3: News,
d4: Biomedicine, d5: Laws, and d6: Events.

Table 6: Original data source statistics. We report the following metrics � n: number of instances, q: number of possible labels
across the entire dataset, s: proportion of single-answer questions, m: mean number of correct answers, me: median number of
correct answers, min: minimum number of correct answers, max: maximum number of correct answers, LC: label cardinality, r:
ratio of the number of choices to the median number of correct answers (LC / me).

Data Source n q s m me min max LC r
Reading Comprehension 5131 na 27% 2.344 2 0 10 2-21 na
Toxicity 5994 8 60% 2.639 2 2 7 8 4
News 11360 120 83% 2.567 2 2 16 6 3
Biomedicine 50000 15 0.07% 5.745 6 0 13 15 2.5
Laws 57000 7201 0.54% 5.069 5 1 26 15 3
Events 3140 29 50.7% 2.683 2 2 5 6 3

redundancy, we encoded labels using SentenceTransformer (all-
MiniLM-L6-v2) and computed pairwise similarities. The mean max-
imum similarity across label sets is 0.473, with standard deviation
0.206. This con�rms a mix of semantically similar and distinct
labels. The top 10 percentile score is 0.786 and the bottom 10 per-
centile score is 0.235. This shows that our dataset has diverse labels
with similar percentage of semantically similar and dissimilar la-
bels. Count bias increased after removing similar-label questions,
suggesting that LLMs sometimes use semantic similarity to infer
related correct answers. We remove all questions that have label
pairs with similarity score over 0.786. We then recalculated count

bias related metrics across all closed-source models. CtDif is lower
and CtDifAbs get higher. This means that removing similar labels
in question actually increase the number of count bias. We suspect
that is due to the fact that LLM can reasoning through similar labels
and use those labels' similarity to identify all correct answers.
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