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Abstract

Self-consistency (SC) improves the perfor-
mance of large language models (LLMs)
across various tasks and domains that involve
short content. However, does this support
its effectiveness for long-context problems?
We challenge the assumption that SC’s bene-
fits generalize to long-context settings, where
LLMs often struggle with position bias—the
systematic over-reliance on specific context
regions—which hinders their ability to utilize
information effectively from all parts of their
context. Through comprehensive experimen-
tation with varying state-of-the-art models,
tasks, and SC formulations, we find that SC
not only fails to improve but actively de-
grades performance on long-context tasks.
This degradation is driven by persistent po-
sition bias, which worsens with longer context
lengths and smaller model sizes but remains
invariant to prompt format or task type. Un-
like short-context tasks, where SC diversifies
reasoning paths, long-context SC amplifies
positional errors. These comprehensive results
provide valuable insight into the limitations of
current LLMs in long-context understanding
and highlight the need for more sophisticated
approaches.

1 Introduction

Large Language Models (LLMs) have shown re-
markable versatility in performing various tasks
through prompting (Brown et al., 2020, inter
alia). However, these models exhibit various
forms of brittleness across tasks (Mishra et al.,
2022; Frieder et al., 2024; Mirzadeh et al., 2025;
Wu et al., 2024), including catastrophic failures
on simple problems easily solvable by humans
(Nezhurina et al., 2024). To improve reliability,
self-consistency (SC) (Wang et al., 2023a) has
emerged as a powerful strategy that aggregates
multiple sampled responses to mitigate failures.
SC has been highly effective in short tasks (e.g.,
< 100 tokens), but its ability to handle long con-
texts (e.g., > 10K tokens) remains underexplored.
As real-world applications increasingly demand
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processing lengthy inputs—such as legal analy-
sis, medical diagnostics, or scientific literature
review—understanding SC’s scalability is crucial
for developing robust solutions. This raises a criti-
cal question: Does SC’s benefit scale with context
length, or do longer contexts introduce challenges
that inherently alter its effectiveness?

Fundamentally, SC assumes that errors in in-
dividual samples are independent. However, in
long-context tasks, systematic position biases
induce correlated errors, violating SC’s core as-
sumption. While prior work (Wang et al., 2023b;
Zheng et al., 2023; Liu et al., 2024) has docu-
mented position bias as a standalone challenge
in long-context reasoning, our study provides
a diagnostic analysis of how these biases in-
teract with self-consistency, compounding errors
through correlated sampling rather than resolving
them. We hypothesize that because SC aggregates
multiple responses from the same biased model,
it reinforces these correlated errors, ultimately
amplifying position bias (Figure 1).

To test this hypothesis and explore the
broader implications of SC in long-context
scenarios, we conduct extensive experiments
across state-of-the-art models (GPT-40 [OpenAl,
2024], LLaMA-3.3-70B [Grattafiori et al., 2024],
and Qwen-2.5-72B [Yang et al., 2024]) and
their smaller variants, evaluating nine diverse
long-context tasks spanning summarization, ques-
tion answering, multi-hop reasoning, and con-
trolled position experiments. Our comprehensive
evaluation combines traditional metrics with
LLM-based assessment and explores multiple
SC implementations, including: majority voting
(Wang et al., 2023a) for tasks with discrete an-
swer choices, universal SC (Chen et al., 2024)
for open-ended generation tasks, and soft SC
(Wang et al., 2024) as an alternative open-ended
generation aggregation strategy.

Contributions. We provide the first systematic
study of self-consistency in long-context settings,
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Figure 1: Schematic of self-consistency in long-context, ‘‘needle-in-a-haystack’” scenarios. Input consists of a
query and multiple evidence documents, one of which contains the correct answer, with a model generating diverse
intermediate answers via stochastic sampling (non-zero temperature). However, aggregation yields incorrect
answers due to position bias, highlighting a key challenge in long-context reasoning. Sampling from a model with
inherent position bias amplifies rather than mitigates errors, as all samples inherit the same structural biases,

violating SC’s core assumption of error independence.

revealing three key findings from across 651
carefully designed experiments:

(i) Failure of SC in long-contexts: SC consis-
tently degrades performance across models
and tasks. This degradation persists across
synthetic and real-world tasks, challeng-
ing the assumption that SC can universally
improve LLM reliability.

(ii)) Robustness to metric and implementation:

SC’slong-context limits are confirmed across

multiple metrics, aggregation methods, and

SC parameterizations.

Mechanistic role of position bias: Through
controlled experiments, we show that SC
amplifies position bias in both retrieval
and reasoning steps. Varying prompt struc-
ture and SC configuration reveals that SC’s
failures stem from correlated positional
errors.

(iii)

These insights challenge the assumption that SC
universally improves performance and provides
guidance for developing more robust approaches
to long-context tasks. Our findings underscore
the need to rethink aggregation strategies in the
face of position bias, paving the way for fu-
ture research into context-aware methods, such as
position-aware voting or debiased sampling, that
enhance reliability in long-context tasks.
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2 Related Work

Self-Consistency. Building on chain-of-thought
prompting (Wei et al., 2022), self-consistency
(SC) (Wang et al., 2023a) leverages the intuition
that diverse reasoning spaths converge toward
correct answers when aggregated through meth-
ods like majority voting, likelihood scoring (Wang
et al., 2024), LLM Judges (Chen et al., 2024; Lin
et al., 2024), or game theoretic consensus
(Jacob et al., 2024). However, these studies
predominantly focus on short tasks (e.g., math
problems, brief QA), where stochastic sampling
produces independent errors. This assumption
breaks down in long settings where systemic er-
rors emerge due to position bias. While Chen et al.
(2024) evaluates SC on long-context summariza-
tion, their reliance on ROUGE metrics, which
measure surface-level alignment rather than holis-
tic quality, leaves SC’s impact on long-context
understanding insufficiently addressed. Our work
bridges this gap by comprehensively evaluating
SC implementations across multiple long-context
tasks, employing automated metrics (ROUGE,
F1, accuracy) and LLLM judges, with bootstrapped
95% confidence intervals to rigorously quantify
statistical significance.

Position Bias. Position bias, the preference for
certain context regions, is a fundamental challenge
for LLMs in long-context processing. Prior work
highlights three manifestations: primacy (over-
weighting early context) (Wang et al., 2023b),



Dataset Split/Source #Eval Task Type Metric Avg. # Words
GovReport LongBench (Bai et al., 2024) 200  Summ ROUGE / Judge 8,734
QMSum LongBench (Bai et al., 2024) 200  QB-Summ ROUGE / Judge 10,614
SQUALITY Test Split (Wang et al., 2022) 1040 QB-Summ ROUGE / Judge 5,208
Qasper LongBench (Bai et al., 2024) 200 QA F1 3,619
NarrativeQA LongBench (Bai et al., 2024) 200 QA F1 18,409
MuSiQue LongBench (Bai et al., 2024) 200 Multi-Hop QA F1 11,214
QuALITY Dev Split (Pang et al., 2022) 2086 MCQA Accuracy 5,183
NQ-Open (QA) Liuetal. (2024) 2655 MDQA Accuracy -
NQ-Open (TR) Liuetal. (2024) 2655  Retrieval Accuracy -

Table 1: Overview of tasks and datasets used in our experiments. The QuALITY dev split was used
as the annotations for the test split are not publicly released. QB-Summ indicates query-based summa-
rization, MCQA indicates multiple choice question answering, and MDQA indicates multi-document
question answering. The ‘‘#Eval’’ column refers to the exact number of examples in each dataset split
we evaluate. For summarization tasks, we report both ROUGE and a GPT-40-based Judge score; for
QA tasks, we report F1 or accuracy depending on the output format. The average number of words in
NQ-Open examples varies depending upon the total number of documents used.

recency (preferring recent information) (Zheng
et al., 2023), and a U-shaped pattern where
middle-contextinformation is neglected (Liuetal.,
2024). These biases persist across architectures,
unaffected by instruction tuning (Liu et al., 2024)
or context scaling (Lee et al., 2024), suggest-
ing that they are intrinsic to transformer-based
attention mechanisms. While recent efforts pro-
pose mitigations through context compression
(Jiang et al., 2024), attention calibration (Hsiech
et al., 2024b), or fine-tuning (Xiong et al., 2025),
such approaches incur computational overhead
and merely alleviate symptoms rather than ad-
dress the root cause. Critically, these approaches
target individual model outputs but do not con-
sider how aggregation methods, such as SC, might
amplify positional errors—a gap our work uncov-
ers. By rigorously quantifying this interaction,
we expose SC’s incompatibility with long-context
processing and underscore the need for bias-aware
aggregation.

Long-Context Evaluation. Long-context eval-
vation has evolved from early synthetic tasks
to more comprehensive benchmarks. Tay et al.
(2021) introduced the Long-Range Arena (LRA)
to compare efficient Transformers, albeit via rel-
atively constrained tasks. More recent efforts,
such as RULER (Hsieh et al., 2024a), extend
beyond ‘‘needle-in-a-haystack’” (Kamradt, 2023)
retrieval by incorporating multi-hop reasoning
and aggregation-style tasks. However, Yen et al.
(2024) raise concerns that synthetic benchmarks
may not reliably predict downstream performance,
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underscoring the need for more representative
long-form evaluations. Meanwhile, benchmarks
like SCROLLS (Shaham et al., 2022), its zero-shot
variant ZeroSCROLLS (Shaham et al., 2023), and
HELMET (Yen et al., 2024) collate tasks featuring
more realistic, naturally long text. Our evalua-
tion combines controlled position probing and
naturally long tasks, ensuring that our findings
generalize to synthetic and real-world scenarios
where systemic position biases persist, regardless
of context origin.

3 Methodology

To systematically evaluate SC in long-context
settings, we design experiments spanning diverse
models, task types, and aggregation strategies. Our
methodology combines comprehensive bench-
marking across real-world tasks with controlled
experiments investigating position bias.

3.1 Tasks and Datasets

For our dataset-level evaluations (§4), we uti-
lize seven datasets with distinct challenges in
long-context processing, from dense informa-
tion synthesis to targeted retrieval and reasoning
(Table 1). Summarization tasks include Gov-
Report (Huang etal.,2021), QMSum (Zhong et al.,
2021), and SQUALITY (Wang et al., 2022), which
test dense information synthesis. We use Qasper
(Dasigi et al., 2021), NarrativeQA (Kocisky et al.,
2018), and QuALITY (Pang et al., 2022) for
question answering, where models must under-
stand details in long narratives. We also evaluate



MuSiQue (Trivedi et al., 2022) for multi-hop rea-
soning across documents. Datasets are sourced
from LongBench (Bai et al., 2024), a standardized
benchmark for long-context evaluation—except
SQUALITY (Wang et al., 2022) and QuALITY
(Pang et al., 2022), where we use the original
test and dev splits, as they were omitted from
LongBench.

For our position bias investigation (§5), we
utilize NQ-Open (Kwiatkowski et al., 2019;
Lee et al., 2019), comprising 2,655 real user
queries paired with paragraph-length answers
from Wikipedia. We design two tasks: (1)
Question Answering (QA): Given a query and a
collection of documents (with one gold docu-
ment), models must generate the correct answer.
This task examines the model’s ability to locate
and use information from lengthy contexts. (2)
Text Retrieval (TR): Models are asked to iden-
tify which document contains the correct answer.
By isolating the retrieval step, this task enables
us to disentangle the effects of self-consistency
on information localization from those of answer
generation. These tasks have been used in prior
works (Liu et al., 2024; Lee et al., 2024) as two
canonical long-text tasks, providing a solid foun-
dation for comparing our results with existing
literature. Task prompt templates are illustrated in
§C.5.1.

3.2 Self-Consistency Implementations

To assess self-consistency across diverse task
formats, we differentiate our SC implementation
based on the nature of the task output. For tasks
requiring open-ended generation (GovReport,
QMSum, SQUALITY, Qasper, NarrativeQA,
MuSiQue, and NQ-Open QA/TR), we primarily
employ Universal Self-Consistency (USC), which
utilizes an LLM judge for response aggregation.
For tasks with discrete, categorical answer options,
specifically the multiple-choice question answer-
ing dataset QUALITY, we use traditional Majority
Voting SC. We also evaluate Soft-SC across a
subset of tasks as an alternative aggregation mech-
anism. By comparing these aggregation strategies
across diverse tasks, we ensure that our conclu-
sions are not specific to any single SC method. All
implementations maintain consistent sampling pa-
rameters (eight samples, temperature 1.0) unless
explicitly varied for experimental purposes.
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SC (For QuALITY). We implement traditional
majority voting SC as described in Wang et al.
(2023a) for QUALITY’s multiple-choice format.
This implementation selects the most frequently
generated answer across eight samples, breaking
ties by selecting the first most frequent answer.

USC (For Open-Ended Tasks). Our primary
implementation follows the USC baseline of Chen
et al. (2024), generating eight samples per input at
temperature 1.0. These parameters balance sam-
pling diversity against computational cost while
maintaining output quality. For aggregation, we
employ GPT-40 as a judge (§C.3) to select the
highest-quality response from the generated candi-
dates, using carefully designed evaluation criteria
specific to each task type.

Soft-SC. We also implement Soft-SC following
Wang et al. (2024). This variant replaces dis-
crete voting with a continuous scoring mechanism
based on model likelihood. For each generated
response, we compute the mean token likelihood
across all response tokens. The final output is the
response with the highest mean token likelihood,
providing a more nuanced selection mechanism
incorporating model uncertainty. By replacing dis-
continuous majority voting with likelihood-based
aggregation, Soft-SC tests whether model con-
fidence (rather than frequency) can mitigate
correlated errors.

In short, we use USC for open-ended tasks,
majority-vote SC for the QuALITY multiple-
choice dataset, and soft-SC as a robustness
ablation against aggregation mechanism.

3.3 Model Selection and Configuration

We evaluate eight instruction-tuned models span-
ning proprietary and open-source families, ranging
from 3B to 72B parameters. All models are de-
ployed in a standardized environment to eliminate
implementation-specific confounders. Proprietary
models representing state-of-the-art commer-
cial systems include OpenAl’s GPT-4o0 and
GPT-40-mini (OpenAl, 2024). For open-source
architectures, we test Meta’s LLaMA-3-Instruct
series (3.2-3B, 3.1-8B, 3.3-70B; Grattafiori et al.,
2024) and Alibaba’s Qwen-2.5 series (3B, 7B,
72B; Yang et al., 2024). We excluded base models
from our analysis as their documented underper-
formance on generative tasks would confound our
investigation of SC’s impact. Deployment was via
the vLLM framework (Kwon et al., 2023), which



provides efficient serving with consistent runtime
characteristics across all models. Serving con-
figurations and hardware environments (NVIDIA
A100 80GB and A6000 48GB) are identical for
all experiments.

3.4 Evaluation Framework

We employ task-specific performance metrics
(ROUGE, FIl, accuracy) alongside LLM-based
evaluation for summarization to ensure a rigorous
assessment of SC’s impact. We further quantify
performance shifts using bootstrapped 95% confi-
dence intervals, allowing us to determine whether
SC effects are statistically significant.

Multi-Metric Assessment. For summarization,
we extend Shaham et al.’s (2023) evaluation
protocol, reporting both the geometric mean
of ROUGE-1, ROUGE-2, and ROUGE-L (Lin,
2004) and GPT-40-as-a-judge scores (0—100 scale
(§C.4)). While ROUGE quantifies surface-level
alignment, it fails to capture essential quality
dimensions, such as factual consistency and narra-
tive flow (Fabbri et al., 2021). Our GPT-40 judge
evaluates summaries on consistency (alignment
with references), relevance (focus on key points),
fluency (grammatical coherence), and informa-
tiveness (coverage of critical details). SQUALITY
additionally uses QA-specific criteria, wherein the
judge evaluates summaries on correctness (factual
accuracy), relevance (focus on key points), and
fluency (grammatical coherence).

For QA tasks (Qasper, NarrativeQA, MuSiQue),
we compute unigram F1 scores between outputs
and annotated answers to accommodate para-
phrasing better than exact match. QUALITY uses
accuracy for its closed-set multiple-choice format.
For the position bias experiments, we also use ac-
curacy as our primary metric: For QA, accuracy
measures the exact match between the generated
answer and gold answer, and for TR, accuracy
measures whether models correctly identify the
source document containing the answer.

Performance Difference and Statistical Rigor.
To quantify the impact of self-consistency, we
measure the direct performance difference:

Difference = Perf. w/ SC — Perf. w/o SC (1)

Statistical significance of the performance dif-
ferences was assessed via bootstrapped 95%
confidence intervals using 10K resamples. We use
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bootstrapped confidence intervals (Cls) to avoid
challenges related to the unknowns of the underly-
ing distribution of differences. A CI containing 0
indicates no significant change, while an entirely
positive or negative CI indicates a significant
performance gain or degradation, respectively.

Summary. By employing a multi-metric ap-
proach, we ensure that our findings are robust
across different evaluation criteria, thereby mit-
igating the impact of any single metric’s
limitations. Our analysis presents baseline perfor-
mance using greedy decoding, compares it to SC
performance, and demonstrates the significance of
observed differences through bootstrapped 95%
confidence intervals. This evaluation framework
ensures that our findings are statistically robust
while accounting for variance in model outputs
and task difficulty.

4 How Effective is Self-Consistency for
Long-Context Problems?

Our experiments reveal systematic challenges for
SC in long-context tasks. In the section that fol-
lows, we first analyze performance degradation
across tasks (§4.1), then examine model-scale
trends (§4.2), and finally explore how robust these
effects are to variations in SC implementations

(§4.3).

4.1 Performance Degradation Across Tasks

Table 2 shows the performance difference
when applying self-consistency across numer-
ous tasks and models, along with the specific
aggregation method used for each task (USC
for open-ended generation, Majority Voting for
QuALITY). Applying majority voting SC or
USC leads to virtually no significant gains
across many long-context task-model pairs.
Among 56 dataset-model pairs, only three illus-
trate statistically significant improvement from
applying SC or USC.

ROUGE metrics demonstrate significant de-
clines in 79% of model-dataset pairs (19/24),
with smaller models experiencing the most se-
vere degradation (e.g., Qwen-3B: —5.0 ROUGE).
While LLM Judge scores show more mod-
est effects, they still indicate degradation in
21% of cases (5/24), with no instances of sig-
nificant improvement. This consistent pattern



Dataset Model ROUGE Judge
Difference 95% CI Difference 95% CI
GPT-40 —2.2(23.6025.8) [—2.6, —1.8] | —0.8(30.080.8) [—2.3,0.6]
) GPT-40-Mini 17038255 [—2.0, —1.4] 0.5(79.1c786) [—1.4,2.2]
5 LLaMA-3.3-70B 0.1(29.5 204y [—0.4,0.5] —0.6(81.6¢82.2) [—2.1,0.8]
g LLaMA-3.1-8B =119 4c305 [—1.5,-0.6] | =0.1(g0.1080.2) [—1.9,1.5]
E“ LLaMA-3.2-3B —2.2097.0c202) [—2.8, =1.6] | =1.0(z6.877.8) [—3.3,0.9]
3 Qwen-2.5-72B —0.T28.4c29.1y [—1.1,-0.3] 0.3(80.7¢80.4y [—1.4,1.9]
© | Qwen-2.5-7B 2T seasy  [-3.3,~24] | —0970scs0n [—2.1,04]
Qwen-2.5-3B —5.023.928.9) [—5.6, =4.5] | —=2.3(76.4¢78.7) [—44, —0.3]
GPT-40 —1.0017.8c18.8) [—1.5,=0.5] | =0.2(s8.058.2) [—2.6,2.1]
- GPT-40-Mini —0.3(18.018.3)  [—0.9,0.3] —0.757.9¢58.6) [—3.1, 1.5]
% LLaMA-3.3-70B | —0.4(18.919.3 [—1.1,0.3] 0.57.6c57.1)  [—2.0,3.1]
E LLaMA-3.1-8B 13074187y [—2.0, =0.5] 0.4(53.60532) [—1.9,2.8]
= LLaMA-3.2-3B —1.3053-166) [—2.1, —0.6] 0.748.8c481) [—2.0,3.3]
Z | Qwen2572B | —0607scisa (11011 | —0dpsscsry  [—27,2.0]
Qwen-2.5-7B —0.8(17.4c¢18.6) [—1.8, =0.7] | —0.4(56.4¢56.8) [—2.7,2.0]
Qwen-2.5-3B 230144167 [-3.0, =171 | =L.5350.8523 [—4.0,1.2]
GPT-40 150720187 [—1.7, =131 | =1.1(g0.982.0) [—1.9,—0.4]
g GPT-40-Mini —1.0016.4c174)  [—1.1, =0.8] | =0.4(79.5.79.9) [—1.2,0.4]
=} LLaMA-3.3-70B | —0.1(19.619.7y [—0.2,0.1] 0.580.1c79.6) [—0.3,1.2]
E LLaMA-3.1-8B —1.20183c195 [—1.4,—1.0] 0.1(77.4c77.3)  [-0.7,0.9]
- LLaMA-3.2-3B 170670184y [-2.0, =1.5] | =0.3(756c759) [—1.1,0.5]
g Qwen-2.5-72B —0.6(18.9<195 [—0.7, =0.4] | =1.6(79.981.6) [—2.4,—0.9]
v Qwen-2.5-7B 13076189 [—1.4 =111 | =1.3(77.2c75 [—2.1, —0.6]
Qwen-2.5-3B —2.6(16.118.7) [—2.8, =2.4] | =1.5(75577.0) [—2.3,—0.8]
Dataset Model Difference 95% CI Dataset Model Difference 95% CI
GPT-40 33(s1508) [1.0,59] GPT-40 0.3(s.5035.2) [—2.6,3.4]
_ GPT-40-Mini 0.1ps.0ca7.0) [—1.9,2.0] S GPT-40-Mini 2. 8(36 1e333) [0.2,5.8]
Q LLaMA-3.3-70B  —2.5(9.4c 51.9) [—5.0, —0.4] 2 LLaMA-3.3-70B  2.5(44 7. 42.9) [—0.5,5.6]
% LLaMA-3.1-8B  —15.1(50.0c 47.1) [—19.6, —11.0] T |LLaMA-3.1-8B 4. 6(25 sca09) [1.7,8.4]
2 | LLaMA-323B  — L3(sgc 40 [—4.9,23] Q | LLaMA-32-3B —3.0(7.0c 209 [—6.6,0.1]
8 Qwen-2.5-72B —0.8(i9.7¢ 505 [—3.0, 1.0] ‘é’ Qwen-2.5-72B  —0.2(5030 505 [—2.6, 1.8]
Qwen-2.5-7B —T7.341148.4) [—11.9,-3.4] Qwen-2.5-7B 0.929.6¢-28.7) [—2.3,4.1]
Qwen-2.5-3B  —10.8(315. 42.1) [—15.9, —6.5] Qwen-2.5-3B 0.3(12.8 125 [—3.0,3.5]
_ GPT-40 0.3(30.120.8) [—1.6, 1.6] - GPT-40 —1.000.4c.01.4) [—1.7, —0.3]
9 GPT-40-Mini 0.6(28.90 97.6) [—0.4,2.0] k& GPT-40-Mini ~ —0.3(79.7 s0.0) [—1.1,0.4]
=2 LLaMA-3.3-70B  —0.7(15816.5) [—2.2,0.8] = LLaMA-3.3-70B —0.3(s7.0cg7.3) [—0.8,0.1]
S | LLaMA-3.1-8B  —23(06. 120 4.7, —0.6] = LLaMA-3.1-8B  —6.0(63.7¢ g0.7) [—7.8, —4.3]
QE) LLaMA-32-3B  —0.630. 55 [—2.6,1.2] o LLaMA-3.2-3B  —0.7(50.4¢ 53.1) [—24, 1.0]
g Qwen-2.5-72B 040550 151) [—0.6, 1.7] 5 Qwen-2.5-72B  —0.7(ss5s75 [—1.3, —0.1]
z Qwen-2.5-7B —0.211 7119 [2.3,2.1] & | Qwen257B 0.0(741c701) [-0.6,0.7]
Qwen-2.5-3B 1795119 [~4.6,02] Qwen-2.5-3B  —0.3(3.6 639) [—0.9, —0.4]

Table 2: SC and USC performance difference across tasks and models. Universal Self-Consistency (USC) is used
for all tasks, except QUALITY, which uses majority voting, for aggregation. Red indicate statistically significant
degradation (95% CI); green highlights rare improvements. Application of SC or USC leads to virtually no
significant gains across many long-context task-model pairs (53 of 56 pairs show no statistically significant
improvement). Larger models (LLaMA-70B, Qwen-72B) show milder degradation but no consistent gains,
underscoring self-consistency’s fundamental limitations.
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Figure 2: Average performance difference distribution for Qwen (left) and LLaMA (right) models across all
tasks (excluding NQ-Open) in Table 2. The y-axis shows the difference in performance between SC and baseline
approaches (negative values indicate degradation). Box plots show quartiles with whiskers extending to min/max
values. Both model families demonstrate reduced performance degradation as model size increases, but even the

largest models still fail to break-even.

across surface-level alignment and holistic judg-
ment metrics suggests that SC fundamentally
compromises summarization quality.

While results show slightly more variation in
the QA domain, they still predominantly chal-
lenge SC’s effectiveness. Of 32 model-dataset
pairs, only three exhibited statistically significant
improvements: GPT-40 on Qasper (3.3(51.548.2))»
GPT-40-mini on MuSiQue (2.8(36.133.3)), and
LLaMA-3.1-8B on MuSiQue (4.6(25.5.20.9))-
However, these improvements are isolated cases
rather than indicative of a broader trend. Notably,
LLaMA-3.1-8B’s performance varies dramati-
cally across datasets, showing improvement on
MuSiQue but suffering a severe —15.1(320c-47.1)
degradation on Qasper, which we attribute to
poor instruction following despite adequate per-
formance on other datasets. Eight pairs show sig-
nificant degradation, particularly among smaller
models.

Robustness to Choice of Metric. Despite dif-
ferences in magnitude, the consistency between
ROUGE and LLM Judge metrics in indicating
performance degradation suggests that our find-
ings reflect genuine limitations of SC rather than
artifacts of specific evaluation methods. The more
moderate effects observed in LLM Judge scores
indicate that human-like evaluation demonstrates
greater robustness to surface-level variations in
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outputs while still capturing the overall negative
impact of SC on model performance.

4.2 Model-Scale Dependency

Figure 2 shows scaling between model size and
performance degradation under SC and USC, with
greater declines in smaller models. We com-
pute Pearson and Spearman correlations between
model size and performance difference. We find
weak-to-moderate monotonicity, with stronger ef-
fects under ROUGE (Spearman’s p = 0.50, p <
0.01) than LLM-Judge (Spearman’s p = 0.31,
p < 0.05). However, this relationship is nonlinear,
as the Pearson correlation is not statistically sig-
nificant under either ROUGE nor the LLM Judge.
While larger models exhibit more stability than
smaller ones, this ‘‘resistance’’ to degradation
rarely translates into actual improvements. This
pattern suggests that while increased model scale
might mitigate SC’s adverse effects, it fails to
unlock SC’s promised benefits in long-context
scenarios.

4.3 Robustness to SC Aggregation Method

Having established the generally negative impact
of USC (on generative tasks) and Majority Vot-
ing SC (on QUALITY), we further investigated
whether an alternative aggregation strategy could
alter these findings. To ensure our findings are not



Model Difference 95% CI
GovReport (ROUGE)

GPT-40 _1~8(24.0<725.8) [*22, —1 4]
GPT-40-mini — 13012 25.5) [—1.6, —1.0]
GovReport (Judge)

GPT-40 _1’3(79.5<—80.8) [—26, 01]
GPT-40-mini —0.4(78_2(,78'6) [—20, 12]
Qasper

GPT-40 70'1(48.1<—48.2) [*35, 28]
GPT-40-mini 0‘1(48.()(—47.9) [—16, 13]
MuSiQue

GPT-40 71'9(36.3<—38.2) [*49, 05]
GPT-40-mini 1’5(34.8<—33.3) [—07, 40]

Table 3: Soft self-consistency results on select
datasets. Alternative SC implementation fails to
show improvement, showing significant degra-
dation (red) on GovReport (ROUGE). Results
suggest SC’s limitations persist across im-
plementation strategies. Performance patterns
mirror standard SC across metrics and model
sizes.

artifacts of our primary SC implementations, we
evaluated Soft SC on a subset of tasks (Table 3).

SC’s limitation persists across implementation
strategies. This approach fails to improve over
baseline, showing significant degradation on Gov-
Report (ROUGE) and no significant gains across
other tasks. The consistent degradation observed
with both standard SC/USC and Soft SC im-
plementations suggests that the limitations are
fundamental to the SC approach rather than ar-
tifacts of specific implementation choices. This
consistent pattern of failure across models, tasks,
and implementations strengthens our central hy-
pothesis: that position bias undermines SC’s core
assumption of error independence by inducing
strongly correlated errors. This suggests a system-
atic, mechanistic cause, which we isolate in the
following section through a series of controlled
experiments designed to explain the observed per-
formance degradations. Together with the SC and
USC results in Table 2, these findings demon-
strate that SC’s limitations persist regardless of
aggregation strategy.

S Understanding the Phenomenon:
Position Bias and Self-Consistency

To probe the failures cataloged in §4, we ask
if positional bias creates correlated errors that
SC merely amplifies. We test (i) context-length
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ablations (§5.2), (ii) paired QA-retrieval evalu-
ations (§5.2), and (iii) robustness checks (§5.3),
each confirming that the degradation stems from
position-induced bias, not SC.

5.1 Controlled Exploration of Position Bias

We evaluate SC’s impact through controlled ex-
periments on QA and TR tasks (§3). The QA
task tests information synthesis, while TR iso-
lates information retrieval, allowing us to separate
position effects on access from those on reason-
ing. Our experimental design follows that of Liu
et al. (2024), using their variant of NQ-Open
with varying context sizes (10, 20, and 30 docu-
ments) and gold document positions (beginning,
middle, or end) to assess position sensitivity. We
employ three complementary metrics to quan-
tify performance: QA accuracy measures answer
correctness, TR accuracy evaluates document
identification success, and the performance delta
(Equation 1), which reveals SC’s relative impact
across positions. To ensure our findings are robust
to implementation choices, we evaluate multiple
configurations by varying sample counts (4, 8, 16)
and temperatures (0.2, 1.0, 1.8).

Extensive literature (Perez et al., 2021; Lu
et al.,, 2022; Mishra et al., 2022, inter alia)
has demonstrated that LLM performance is sus-
ceptible to the language and structure of their
prompts. To examine the effects of prompt format-
ting, we test three distinct prompt formulations:
documents-then-question (Doc-Q), question-then-
documents (Q-Doc), and a query-aware approach
with the question bracketing the documents

(Q-Doc-Q).

5.2 Evidence of Correlated Errors

Our analysis reveals that SC’s impact varies
systematically with document position, funda-
mentally challenging previous assumptions about
its effectiveness. The data demonstrate distinct
patterns across task types and positions, providing
strong evidence for position-induced correlated
errors.

Question Answering Tasks. In QA tasks, SC
performance exhibits a distinctive U-shaped curve
(Figure 3a), with accuracy peaking when rele-
vant information appears at context boundaries
but dropping significantly for middle positions;
this pattern persists across all models and context
lengths. The position sensitivity becomes more
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Figure 3: Self-consistency accuracy across models for NQ-Open, showing positional bias. (a) QA accuracy is
highest at the beginning or end of context, with LLaMA-3.1 degrading under SC across positions; a U-shaped
pattern persists across context lengths and model sizes. The accuracy difference reveals an upward trend as the
gold document position moves later in context—SC provides relatively less harm for later positions but never
achieves the performance levels of baseline models on early positions. (b) TR accuracy also peaks at the start,
with severe drops as context length and position of relevant information increase. The corresponding difference
plots demonstrate consistent negative impact across positions, with particularly severe degradation (20-25%) for
early positions in longer contexts.
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pronounced as context length increases—for in-
stance, in 30-document contexts, Qwen-2.5-7B
shows a 15% + 2% accuracy drop for middle
positions compared to boundary positions.

When examining the performance delta, the re-
lationship between position and SC effectiveness
becomes more apparent. This reveals a consis-
tent upward trend as the gold document moves
later in the context, suggesting that SC’s harm-
ful effect is relatively lessened for information
appearing at the end of the context. However,
this requires careful interpretation: While the
performance delta improves for later positions,
absolute performance under SC never matches
the baseline on early-position documents, demon-
strating that SC may partially compensate
for position-related degradation but cannot
overcome the underlying position bias.

Text Retrieval Tasks. TR tasks reveal a more
severe, qualitatively different manifestation of po-
sition bias (Figure 3b). Unlike QA’s U-shaped
curve, TR accuracy shows a monotonic decline as
the gold document moves later in the context. The
performance degradation becomes particularly
severe with longer contexts—in 30-document
scenarios, accuracy drops by 40% 4 3% when
the gold document appears in the final third of
the context. SC consistently deteriorates perfor-
mance across all positions, with larger models
like Qwen-2.5-7B and LLaMA-3.1-8B showing
significant 20-25% performance reductions. To
illustrate this failure mode, when the gold doc-
ument appears early in a 30-document context,
Qwen-2.5-7B generates multiple samples that
consistently focus on later, irrelevant documents,
amplifying its position bias through repeated sam-
pling. The consistency of this pattern provides
strong evidence that SC not only fails to miti-
gate position bias but can actively exacerbate it,
particularly in tasks requiring precise information
retrieval.

Analysis of Intermediate Generations. To
trace the origin of these aggregation-level failures,
we analyzed the distribution of correct answers
within the intermediate generations before SC is
applied (Figure 4). This analysis reveals that the
biases observed in the final aggregated output are
deeply rooted in the initial sampling step. For QA
tasks, the proportion of cases where all or most
of the eight samples are correct follows the same
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U-shaped pattern seen in the final output, drop-
ping when the gold answer is in the middle of the
context. The effect is even more pronounced in TR
tasks, which exhibit a stark monotonic decline. For
instance, in 30-document contexts with the answer
at the end, nearly 60% of the time, none of the
eight intermediate samples correctly identified the
source document. This provides direct evidence
that the errors are strongly correlated across
samples, stemming from the model’s inherent po-
sitional bias and violating the core assumption of
independence that underpins self-consistency.

5.3 Robustness Analysis

We conduct extensive robustness checks across
prompt structure and sampling parameters, known
to sway LLM behavior (Perezetal.,2021; Luetal.,
2022; Mishra et al., 2022). Our results demonstrate
that implementation choices can affect absolute
performance but cannot resolve the underlying
challenges of position bias.

Prompt Engineering Effects. Even care-
fully engineered prompts cannot overcome
position-dependent performance degradation.

Among the three tested formats, the query-aware
approach (Q-Doc-Q) shows a modest advantage
(+2-3%) for early positions in QA tasks. How-
ever, this benefit diminishes with longer contexts
and middle/end positions (Figure 5). TR tasks
demonstrate even more striking limitations: While
format choice can influence overall accuracy by
up to 20%, all formats suffer severe degradation
for later positions in long contexts. For example,
the documents-then-question format (Doc-Q)
drops to approximately 10% =+ 2% accuracy in
30-document contexts when the target document
appears in the final third, regardless of prompt
engineering efforts.

Parameter Sensitivity. Varying SC imple-
mentation parameters reveal similar limitations
(Figure 6). Increasing sample count yields dimin-
ishing returns, where doubling generations from
8 to 16 yields less than 1% improvement in ab-
solute accuracy while doubling the computational
overhead in the QA task. More concerning, larger
sample counts actively harm TR performance,
likely because they amplify the model’s tendency
to fixate on positionally favored but incorrect doc-
uments. Temperature variations primarily affect
overall performance levels rather than positional
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Figure 4: Distribution of correctness across eight intermediate generations, demonstrating positional bias before
self-consistency aggregation. The stacked bars show the percentage of cases where none (0), some (1-3), most
(4-7), or all (8) of the intermediate samples were correct. (Top Row) For Question Answering (QA), the prevalence
of highly correct sample sets (green bars) follows a U-shaped curve, degrading when information is in the middle.
(Bottom Row) For Text Retrieval (TR), correctness declines monotonically, with a dramatic increase in cases
where zero samples are correct as the gold document is placed later in longer contexts. This visualization confirms
that the errors amplified by SC are systemic and correlated, originating from the model’s fundamental bias

rather than the aggregation process.

patterns, with extreme temperatures leading to
universal degradation.

6 Discussion

Our findings reveal a fundamental limitation in ap-
plying self-consistency (SC) to long-context tasks.
Whether using sophisticated judge-based aggre-
gation for open-ended generation or traditional
majority voting for multiple-choice questions, the
result is the same: Performance either degrades or
fails to improve. This pattern persists across both
automated metrics and human-like evaluations,
indicating a systemic issue. We argue that this
failure stems from positional bias, which induces
correlated errors that SC incorrectly amplifies.

6.1 Effects of Position Bias on Long-Context

SC was designed to filter uncorrelated errors by
leveraging diverse reasoning paths, but our experi-
ments show this assumption fails in long contexts.
Positional bias induces strongly correlated errors
across samples, and these biases (e.g., over-relying
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on early context) persist despite varying sample
counts or temperature. While one might argue that
these failures are not specific to SC but are merely
a symptom of models struggling with the dif-
ficulty of long-context reasoning, our controlled
experiments refute this. The fact that model perfor-
mance is systematically dependent on the position
of the correct information, not just its presence
in a long context, demonstrates that the issue is
biased information access, which SC incorrectly
amplifies.

Building on this insight, we find that SC re-
inforces these positional blind spots, effectively
amplifying rather than mitigating systemic errors.
This amplification is a direct result of the aggrega-
tion process operating on a set of samples already
skewed by bias, where, as shown in our analysis of
intermediate generations (Figure 4), a majority of
reasoning paths are often predisposed to the same
positional error. This mechanism manifests most
dramatically in our text retrieval experiments,
where SC led to 20-25% performance reductions
in models like Qwen-2.5-7B and LLaMA-3.1-8B.



We frequently observed that a majority of sam-
ples incorrectly selected documents from early
positions when the correct document was lo-
cated in the middle or at the end, resulting in
a unanimous but incorrect consensus. For in-
stance, in Appendix B, we illustrate an example
in which seven of the eight generations incor-
rectly identify information from the first document
as being correct when, in actuality, the gold
document was at the end. These findings sug-
gest that traditional aggregation methods may
be fundamentally unsuited for long-context tasks,
motivating exploration into position-aware aggre-
gation methods that explicitly account for and
counteract positional effects.

6.2 Practical Implications and
Future Directions

The unsuitability of standard SC for long-context
tasks has significant practical implications. In
critical fields such as legal analysis or medical
diagnostics, overlooking key information buried
in a lengthy document can have severe conse-
quences. Practitioners cannot assume that this
common inference-time technique will improve
reliability and should instead explore alternatives.

Several directions emerge from our findings.
First, position-aware aggregation methods could
explicitly account for document position when
combining multiple samples, perhaps by weight-
ing responses based on their attention patterns
across the context. Second, contrastive sam-
pling strategies might reduce the correlation
between errors by explicitly encouraging diver-
sity in the context regions to which models
attend across samples. Third, attention recali-
bration techniques, such as those proposed by
Hsieh et al. (2024b), could be adapted specif-
ically for sampling-based methods to mitigate
positional effects before aggregation. Finally,
retrieval-augmented approaches could be com-
bined with SC, allowing models to process small
context windows where traditional SC remains
effective.

These approaches represent testable hypotheses
for follow-up work addressing the challenge of
correlated positional errors. Future work may un-
lock more reliable performance in long-context
scenarios while maintaining the benefits of
aggregation by developing techniques that directly
counter position bias rather than simply applying SC.
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7 Conclusion

Our study provides the first in-depth analy-
sis of self-consistency in long-context scenarios,
challenging its presumed universality. Across
651 experiments and eight models, SC con-
sistently failed to improve performance—and
often degraded it—due to positional biases. Even
state-of-the-art models like GPT-40 exhibited
these failures, with this degradation persisting
across sampling configurations, prompt formats,
and evaluation metrics, underscoring SC’s fun-
damental incompatibility with long-context tasks.
These findings suggest that inference-time tech-
niques like SC may not generalize to long contexts
and that addressing these challenges, particu-
larly the effects of positional bias, will require
deeper architectural innovations in attention and
aggregation.

For practitioners, our work highlights the risks
of porting short-context methods to long-context
applications. Future research should investigate
hybrid approaches, such as combining SC with
positional debiasing, rather than relying on
standard SC. By rigorously establishing SC’s
limitations, this work provides the foundational
analysis needed to drive targeted innovations in
context-aware inference methods. Rather than at-
tempting to characterize and solve this complex
challenge simultaneously, we provide a compre-
hensive empirical analysis necessary to drive
targeted innovations in context-aware inference
methods.

Limitations

While our study reveals fundamental challenges
for SC in long-context settings, several limitations
warrant discussion. Our evaluation covers con-
texts up to 30 documents (5-10K tokens), leav-
ing open questions about extremely long contexts
(100K+ tokens) where different dynamics might
emerge. However, recent work (Modarressi et al.,
2025) suggests that the effective context window
of many models is far shorter than their advertised
limits. This finding reinforces our focus as a criti-
cal analysis area where models are functional yet
exhibit the systematic biases we investigate.

Our focus on textual tasks (summarization,
QA, multi-hop reasoning) leaves questions about
SC’s utility in multi-modal long-context scenarios
open. Additionally, while NQ-Open’s controlled
setup effectively isolates position bias, real-world



contexts may exhibit more complex positional
interactions than those we captured.

We deliberately focus on problem character-
ization rather than solution development, which
enables more effective future mitigation strate-
gies by establishing a mechanistic understanding
of why SC fails. This comprehensive ground-
work (651 experiments across multiple models,
tasks, and implementations) provides a robust
foundation for developing targeted approaches
for sampling-based methods for long-context
reasoning.
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APPENDIX
A Robustness Results
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Figure 5: Effect of prompt format on QA and TR self-consistency accuracy for the Qwen-2.5-7B model. Different
prompt formats show minimal impact on mitigating positional bias. While Q-Doc-Q slightly improves overall
QA performance (top row), TR performance (bottom row) is more sensitive to format choice, with up to 20%
performance degradation between formats. The consistent degradation pattern across gold positions indicates that
position bias persists regardless of query-document ordering.

310



76.0%

74.0%

72.0%

70.0%

68.0%

QA SC Accuracy
]

64.0%

62.0%

45.0%

40.0%

35.0%

30.0%

25.0%

TR SC Accuracy

20.0%

15.0%

75.0%

72.5%

70.0%

67.5%

65.0%

QA SC Accuracy

62.5%

60.0%

57.5%

45.0%

40.0%

35.0%

30.0%

25.0%

TR SC Accuracy

20.0%

15.0%

10.0%

10 Documents

UL

1st 5th 10th

1st Sth 10th
Gold Position

10 Documents

1st Sth 10th

1st 1oth

Sth
Gold Position

(a) # of Generations
20 Documents

1st 10th 20th

Ly, N
RN
U

Rl

1st 10th 20th
Gold Position

4 -m 8 -@ 16
(b) Temperature
20 Documents

1st 10th 20th

Ist 10th 20th
Gold Position

0.2 - 10 -@ 18

30 Documents

1st 15th 30th

(o

1st 15th 30th
Gold Position

30 Documents

1st 15th 30th

1st 15th 30th
Gold Position

Figure 6: Effect of SC parameter variations on QA and TR accuracy for the Qwen-2.5-7B model. Increasing
generations (a) slightly boosts QA accuracy but negatively impacts TR. Higher temperatures (b) degrade
performance, especially for TR tasks, persisting positional degradation as gold information shifts deeper into the
context.
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B Error Analysis of Self-Consistency Failures

Effect of Gold Answer Location on Intermediate QA Accuracy
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Figure 7: Error analysis of intermediate generations for the Qwen-2.5-7B model. The accuracy of the eight
intermediate samples is plotted before aggregation, revealing the origin of the positional bias observed in Figure 3.
For Question Answering (QA) tasks (top row), accuracy follows a U-shaped curve, degrading in the middle of the
context. For Text Retrieval (TR) tasks (bottom row), accuracy shows a monotonic decline as the gold document
is placed later in the context.

Ilustrative Example: Correlated Errors in Question Answering

Prompt:

Write a high-quality answer for the given question using only the provided search results (some
of which might be irrelevant).

Document [1](Title: Drafting of the Universal Declaration of Human Rights) ...John Peters
Humphrey was newly appointed as Director of the Division of Human Rights within the United
Nations Secretariat...

Document [20](Title: Cyrus Cylinder) The cylinder [of Cyrus] has also been referred to
as...the first declaration of universal human rights...

Question: who wrote the first declaration of human rights
Answer:

Expected Answer:
Cyrus
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Intermediate Generations (8 Samples at Temperature 1.0):

The model generates eight different reasoning paths. However, due to a systemic position bias,
the majority of these paths incorrectly fixate on documents from the beginning of the context,
violating SC’s core assumption of independent errors.

1. The first direct quote suggesting the author of the first
Declaration of human rights is John Peters Humphrey can be
found in multiple documents.

2. The first draft of the Universal Declaration of Human
Rights, which is often regarded as the first comprehensive
declaration of human rights on a global scale, was written
by John Peters Humphrey.

3. Based on the provided information, specifically from docu-
ment [8] and document [6], the first draft of what became
the Universal Declaration of Human Rights was prepared by
John Peters Humphrey.

4. The first draft of the Universal Declaration of Human
Rights was written by John Peters Humphrey, a Canadian legal
scholar, jurist, and human rights advocate.

5. Based on the provided documents, John Peters Humphrey is
credited with writing the first draft of the Universal
Declaration of Human Rights.

6. Based on the provided search results, the first draft of the
Universal Declaration of Human Rights, often considered a
foundational document in human rights, was written by John
Peters Humphrey.

7. The first explicit declaration of human rights, the Decla-
ration of the Rights of Man and of the Citizen, was set by
France’s National Constituent Assembly in 1789.

8. The first declaration of human rights, the Universal Decla-
ration of Human Rights, was primarily drafted by John Peters
Humphrey.

Final Aggregated Answer:
John Peters Humphrey

Analysis:

This example demonstrates the mechanistic failure of self-consistency when faced with strong
positional bias. The correct answer, Cyrus, is explicitly mentioned in a document near the end of
the context (Document [20]). However, the model exhibits a powerful primacy bias, causing it to
fixate on John Peters Humphrey, a name found in one of the first documents. This bias induces
strongly correlated errors across the generated samples, with seven of the eight confidently
proposing the same incorrect name. The majority voting process, unable to distinguish this
systemic flaw from random noise, latches onto the incorrect consensus and amplifies it.
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C Prompt Templates

C.1 Summarization Task Prompts

You are given a report by a government agency. Write a one-page summary of the report.

Report:
{REPORT}

Summary:

You are given a meeting transcript and a query containing a question or instruction. Answer the
query in one or more sentences.

Transcript:
{TRANSCRIPT}

Query:
{QUERY}

Answer:

\.

You are given a story and a question. Answer the question in a paragraph.

Story:
{STORY}

Question:
{QUESTION}

Answer:

\.

C.2  Question Answering Task Prompts

You are given a scientific article and a question. Answer the question as concisely as you can,
using a single phrase or sentence if possible. If the question cannot be answered based on the
information in the article, write ‘‘unanswerable’’. If the question is a yes/no question, answer

133 LR Y

yes’’, “‘no’’, or ‘‘unanswerable’’. Do not provide any explanation.

Article:
{ARTICLE}

Question:
{QUESTION}

Answer:
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NarrativeQA

You are given a story, which can be either a novel or a movie script, and a question. Answer the
question as concisely as you can, using a single phrase if possible. Do not provide any explanation.

Story:
{STORY}

Question:
{QUESTION}

Answer:

QUALITY

You are provided a story and a multiple-choice question with 4 possible answers (marked by A,
B, C, D). Choose the best answer by writing its corresponding letter (either A, B, C, or D). Do
not provide any explanation.

Story:
{STORY}

Question and Possible Answers:
{QUESTION_AND_OPTIONS}

Answer:

MuSiQue

You are given several paragraphs from Wikipedia and a question. Answer the question as
concisely as you can, using a single phrase if possible. If the question cannot be answered based
on the information in the paragraphs, write ‘‘unanswerable’’. Do not provide any explanation.

Paragraphs:
{PARAGRAPHS}

Question:
{QUESTION}

Answer:

C.3 USC Prompt

USC

I have generated the following responses to the question: {question}
{RESPONSES}
Evaluate these responses. Select the most consistent response based on majority consensus. Start

your answer with ‘“The most consistent response is Response X’ (without quotes).
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C.4 LLM Judge Prompts

LLM Judge (Summarization)

You are an expert evaluator assessing the quality of a generated summary compared to a
reference summary. Consider the following factors in your evaluation:

- Consistency: Does the generated summary convey the same key information as the reference
summary without contradictions?

- Relevance: Is the generated summary focused on the main points of the reference summary?

- Fluency: Is the generated summary grammatically correct and free of repetition or incoherence?
- Informativeness: Does the generated summary adequately cover the most important details in
the reference?

Provide your evaluation as a single score on a scale from 0 to 100:

- 0 means the generated summary is completely unacceptable (e.g., incoherent, irrelevant, or
contradictory).

- 100 means the generated summary is perfect (e.g., consistent, relevant, fluent, and informative).

Reference Summary:
{REFERENCE}

Generated Summary:
{PREDICTION}

Score (0-100):

LLM Judge (QA)

You are an expert evaluator assessing the quality of an answer generated in response to a
question. Consider the following factors in your evaluation:

- Correctness: Does the generated answer accurately address the question based on the ground
truth?

- Relevance: Is the generated answer focused and does it address the question without
unnecessary information?

- Fluency: Is the generated answer grammatically correct and free of repetition or incoherence?

Provide your evaluation as a single score on a scale from 0 to 100:
- 0 means the generated answer is completely unacceptable (e.g., incorrect, irrelevant, or
incoherent).

- 100 means the generated answer is perfect (e.g., correct, relevant, and fluent).

Question:
{QUESTION}

Ground Truth Answer:
{REFERENCE}

Generated Answer:
{PREDICTION}

Score (0-100):
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C.5 Position Bias Analysis Prompts
C.5.1 Task Prompts

{DOCUMENTS}

Question: { QUESTION}
Answer:

l'

{DOCUMENTS}

Which documents are needed to answer the following query: { QUESTION}
Answer:

C.5.2 Prompt Formats

{DOCUMENTS}

Question: {QUESTION}
Answer:

Question: {QUESTION}
{DOCUMENTS}

Answer:

IV

Question: { QUESTION}
{DOCUMENTS}

Question: {QUESTION}
Answer:

,
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