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Abstract

Retrieval-Augmented Generation (RAG) is the
prevailing paradigm for grounding Large Lan-
guage Models (LLMs), yet the mechanisms
governing how models integrate groups of
conflicting retrieved evidence remain opaque.
Does an LLM answer a certain way because
the evidence is factually strong, because of a
prior belief, or merely because it is repeated
frequently? To answer this, we introduce
GroupQA, a curated dataset of 1,635 contro-
versial questions paired with 15,058 diversely-
sourced evidence documents, annotated for
stance and qualitative strength. Through con-
trolled experiments, we characterize group-
level evidence aggregation dynamics: Para-
phrasing an argument can be more persuasive
than providing distinct independent support;
Models favor evidence presented first rather
than last, and Larger models are increasingly
resistant to adapt to presented evidence. Ad-
ditionally, we find that LLM explanations to
group-based answers are unfaithful. Together,
we show that LLMs behave consistently as vul-
nerable heuristic followers, with direct implica-
tions for improving RAG system design.

1 Introduction

The integration of external knowledge via Retrieval-
Augmented Generation (RAG) has become the stan-
dard solution for mitigating hallucinations in Large
Language Models (LLMs) (Lewis et al., 2020; Guu
et al., 2020). By retrieving relevant documents
and placing them into the context window, RAG
systems aim to ground model outputs in verifiable
facts. This paradigm relies on an implicit assump-
tion: that LLMs act as rational aggregators capable
of weighing conflicting evidence to synthesize a
coherent truth (Zhang et al., 2023).

Prior benchmarks, such as ConflictingQA (Wan
et al., 2024), have studied how models handle pair-
wise conflicts (one positive vs. one negative doc-
ument). However, real-world retrieval is rarely

a clean one-to-one comparison. A search for a
contested topic typically returns a noisy top-k list
containing clusters of evidence: perhaps five doc-
uments supporting one claim, three supporting an-
other, and various redundancies spread throughout.
This leaves a critical gap in our understanding: how
do LLMs behave when faced with groups of poten-
tially conflicting evidence?

We introduce GroupQA, a dataset explicitly de-
signed to mimic the dynamics of real retrieval sce-
narios. Unlike previous benchmarks, GroupQA
targets controversial binary questions paired with
dense clusters of documents (avg. 9.2 documents
per question), allowing for the manipulation of
groups of documents rather than just individual doc-
uments. This allows us to isolate and study vital fea-
tures of documental influence —such as the quan-
tity of documents, their ordering, and their seman-
tic diversity—to determine what actually drives an
LLM’s final belief.

Using GroupQA, we conduct a controlled analy-
sis of state-of-the-art open and closed models. First,
we show that larger models tend to incorporate doc-
umental evidence lesser. We then show that group
structure fundamentally alters model behavior. We
observe a potent lllusory Truth Effect, where mod-
els decisions are changed more on average by re-
peating a single paraphrased document, rather than
providing distinct evidence. Furthermore, we iden-
tify a persistent Primacy Effect, where the first
few documents in a group exert disproportionate
influence on the final output. Finally, we bench-
mark the detection These effects do not emerge
from pairwise analysis and cannot be predicted by
document-level comparisons alone.

Our contributions are as follows:

1. The GroupQA Dataset: We introduce
GroupQA, a benchmark of 1635 controversial
binary questions paired with 15,058 clustered
retrieved documents that vary in stance, en-



abling systematic evaluation of how LLMs
respond to groups of contradictory informa-
tion.

2. Persuasion Evaluation Methods We propose
and evaluate models on simple, intervention-
based metrics—including answer flip thresh-
olds, belief plasticity, and leave-one-out docu-
ment influence—to characterize how evidence
quantity, diversity, ordering, and conflict af-
fect model decisions across scales.

3. Group Dynamics We show that group struc-
ture has significant influence on model an-
swers: repetition of a single evidence in-
creases its persuasiveness and can outweigh
diverse evidence sets, model scale trades off
belief flexibility and stability, explicitly con-
flicting evidence stabilizes decisions, and the
order of evidence presented impacts evidence
favor-ability.

2 Related Work and Motivation

Conflicting Information in RAG. Handling con-
tradictory retrieval has become critical as RAG sys-
tems deploy to open-domain settings. Longpre et al.
(2021) exposed entity-based knowledge conflicts,
finding models rely on parametric memory when
passages contradict. Chen and Yih (2022) showed
retrieval-based LLMs depend on non-parametric
evidence when recall is high, but confidence scores
fail to reflect inconsistencies. Recent work de-
veloped conflict taxonomies (Wang et al., 2025)
and conflict-aware fine-tuning methods (Gao et al.,
2024). Wan et al. (2024) analyzed pairwise doc-
ument synthesis in ConflictingQA. GroupQA pro-
vides document sets to study group-level dynamics
like accumulation and majority voting.

Sycophancy and Contextual Persuasion.
LLMs trained with RLHF exhibit susceptibility
to user influence. Sharma et al. (2023) showed
models conform to user-stated views even when
incorrect and second-guess correct answers when
users express doubt. Wei and Wei (2023) extended
this to persona-based prompting. Our work inves-
tigates contextual persuasion—where influence
comes from retrieved document composition rather
than explicit user statements.

The Illusory Truth Effect in LLMs. In psychol-
ogy, repeated statements are rated as more truthful

(Hasher et al., 1977). Min et al. (2022) found ev-
idence of similar behavior in models, suggesting
in-context learning is driven by label distribution
over task understanding. We quantify this effect in
RAG, measuring how paraphrased repetitions over-
ride parametric priors and showing redundancy can
outweigh informational diversity.

Attention and Ordering Biases. Liu et al.
(2024b) identified "Lost in the Middle," where per-
formance degrades for information in long context
centers, exhibiting a U-shaped curve. Xiao et al.
(2024) and Xiao et al. (2023) attributed this to at-
tention sinks weighting initial tokens. Our primacy
bias findings extend these to behavioral evidence
aggregation, showing early evidence establishes
anchors that subsequent reasoning fails to override.

Multi-Document Reasoning. Recent work ex-
amined information aggregation across documents.
Zhang et al. (2023) surveyed hallucination mitiga-
tion including conflicting source synthesis, Yoran
et al. (2024) developed methods for retrieval ro-
bustness, and Xu et al. (2024) studied parametric-
nonparametric knowledge balancing under conflict.
Our work systematically characterizes the heuris-
tics models use, providing a foundation for under-
standing what must be overcome.

3 The GroupQA Dataset

We now describe the construction of GroupQA,
our dataset designed to evaluate what types of evi-
dence sets influence LLLM decisions. We designed
GroupQA to emulate the common setup for deploy-
ing retrieval-augmented LLMs: we retrieve the
most relevant documents for a particular user query
and place them in the LLM’s context window. To
build our dataset, we tackle three challenges: col-
lecting contentious binary questions, identifying
relevant and diverse evidence paragraphs from the
open web, and filtering for contentious sets of doc-
uments for each question. All prompts used in this
section are specified in Appendix A

Collecting contentious questions. We first cre-
ate a series of realistic open-ended questions for
which there exists conflicting evidence online. Crit-
ically, unlike past work on ambiguity in QA, we
aim to collect unambiguous questions that still have
answer conflicts due to societal debate or common
misconceptions. We design the questions to elicit
binary responses of Yes or No to simplify evalua-
tion.



Metric Value
Avg. words per paragraph 384.4
Avg. paragraphs per Q 9.21
Avg. Yes / No paragraphs 4.54/4.67
Questions with > 1 Strong Doc 42.2%
Stance Skew (Avg Yes - Avg No) -0.12

(a) GroupQA Statistics

Collection & Filtering

Questions Processed: 1,883
Total Docs Scraped: 22,264

Questions Accepted: 1,635
Acceptance Rate: 86.83%

Evidence Distribution

Stance Strong Medium  Weak Total
Yes 1,019 1,815 4,594 7428
No 394 504 6,732 7,630
Total 1,413 2,319 11,326 15,058

(b) Data Collection & Distribution

Table 1: Comprehensive GroupQA Statistics. (a) The
dataset is dense and balanced. (b) Details of the scraping
pipeline and evidence distribution.

We create questions using GPT-40. To ensure
that the model generates a diverse set of questions,
we take inspiration from previous work in synthetic
dataset generation and stratify the generations by
topic: we first generate 95 distinct categories (e.g.,
Bioengineering, Zoology, Historical Revisionism),
then generate sets of questions conditioned on each
category. We qualitatively confirm that the ques-
tions are diverse and challenging; specific examples
include “Does caffeine improve long-term mem-
ory?” and “Is nuclear power considered renew-
able?”. In addition, we manually remove duplicate
questions using cosine similarity filtering (thresh-
old > 0.92).

This process yielded an initial pool of 1,948 can-
didate questions.

Collecting evidence paragraphs. Given these
questions, we want to find evidence paragraphs that
support both the answers of Yes and No. To han-
dle this, we emulate running a real-world retrieval-
augmented LLM system that uses the Google
Search API as its retrieval engine.

We first turn each question into affirmative and
negative assertions using a deterministic template.
For example, the question “Do vaccines cause
autism?” is converted to “Vaccines cause autism”
(Apos) and “Vaccines do not cause autism” (Apeg).
For both positive and negative statements, we

search the queries using the Google Search API
and retrieve the top documents k& (where & = 10).

As is common in many retrieval-augmented mod-
els, we do not consider visual features. Instead, we
extracted the raw text from each document using
the Trafilatura library, which we found superior
to standard HTML parsers for boilerplate removal.
Additionally, we do not explicitly include metadata
like source URL or publication date to force the
model to rely solely on textual content.

Filtering and Stance Labeling. When searching
queries such as “vaccines cause autism”, we in-
evitably retrieve documents that argue the opposite
or are irrelevant. To label the actual position of the
document, we use GPT-40-mini and Gemini-2.5-
Flash as a judge (Both must agree or we scrap the
question). We prompt the model to classify each
document’s stance (Affirmative, Negative, or Neu-
tral) and assign a qualitative strength score (Strong,
Medium, or Weak) based on the presence of cita-
tions or expert testimony. The strength scores are
not used in our experiments due to their subjectivity.
To ensure accuracy of stance labeling, we sampled
100 random documents and manually verified 99%
of ratings.

From the initial 1,948 questions, we filter out
any question where we could not retrieve at least
one valid supporting document for both sides of
the argument. This resulted in the removal of 313
questions (16.1% attrition). The final GroupQA
dataset consists of 1,635 questions paired with
15,058 evidence documents.

Creating conflicting examples. Finally, we want
to isolate paragraphs from these larger documents
to feed into the LLMs. To do this, we extract the
most relevant paragraph from each document. We
run the all-MinilM-L6-v2 model to embed both
the question and all candidate paragraphs, com-
puting the cosine similarity to select the highest-
scoring window. Table 1 presents the basic statis-
tics for our final data. While “Weak™ evidence is
most common (reflecting the nature of the open
web), 42.2% of questions contain at least one
“Strong” document

4 Experimental Results

In this section, we use GroupQA to evaluate how
models make conflicting decisions with documents.



Table 2: Dataset Sample: Affirmative vs. Negative Evidence Snippets

Question

Affirmative Evidence (Yes)

Negative Evidence (No)

Does the diamond
industry
contribute
positively to
economic
development in
mining regions?

[Strength: STRONG]

The diamond mining industry is a major driver of
economic growth in many countries, particularly in
Africa, where some of the world’s largest diamond
reserves are located. The diamond industry con-
tributes $16 billion in total net economic benefits
annually... ...

[Strength: STRONG]

In many conflict-prone regions, mining activities
often contribute to both environmental degradation
and the intensification of local conflicts. These
issues are exacerbated by weak governance struc-
tures, poor enforcement of regulations, corruption
and limited accountability... ...

[Strength: WEAK]

Economic Contributions Job Creation in Diamond
Mining Regions The diamond mining industry is a
significant source of employment, particularly in
regions where economic opportunities may be lim-
ited. In countries like Botswana and South Africa,
diamond mining has created thousands... ...

[Strength: WEAK]

across mineral-rich West African countries. Their
involvement in legal and illegal large-scale corpo-
rate mining, as well as the small-scale artisanal
mining intended for locals, demands policy re-
sponses that strengthen governance and enforce-
ment across the region. ...

[Strength: WEAK]

This is particularly true as we continue to
strengthen critical minerals supply and promote
innovation and sustainable practices across critical
minerals value chains. We are doing this in a way
that supports regional economic growth; creates a
more inclusive... ...

[Strength: WEAK]

Hilson, G. and S. Van Bockstael, 2012: Poverty
and livelihood diversification in rural Liberia: ex-
ploring the linkages between artisanal diamond
mining and smallholder rice production. Journal
of Development Studies, 48 (3), 413428, doi:
https://doi.org/10.1080/00220388.2011.6044 14. ...

[Strength: WEAK]

When it comes to value-added activities, Botswana,
Senegal and South Africa have established strong
frameworks to encourage local mineral processing
and beneficiation. Botswana has also made signif-
icant strides in value addition, particularly in the

diamond sector... ...

4.1 Model Answers

We define the model’s answer space as a prob-
ability distribution over the binary options ) =
{*“Yes”, “No”}. We may refer to this as its belief or
decision. For a parameterized model 6 and a ques-
tion g;, we define the prior belief as the normalized
probability assigned to the “Yes” token:

Pprior = PQ(YGS ‘ Qi) (1)

To ensure a valid probability distribution, we nor-
malize the model’s output probabilities for “Yes”
and “No” such that they sum to 1 (exact prompts
and normalization details are provided in the Ap-
pendix).

To measure the effect of evidence, we condition
the model on the set of supporting documents D; =
{din,....d;im} associated with g;. We refer to this
as the posterior decision:

PQ(YCS | q;, Dz) (2)

where the model context includes the concatenation
of ¢; and the evidence set D;.

Table 3 presents the aggregate results. Llama-
3.1-70B’s decisions show a positive correlation

with the majority viewpoint; specifically, the
model’s output aligned with the majority perspec-
tive in 69% of cases when conditioned on the full
evidence set D;. The posterior decision was only
0.074 4+ 0.084 more than the prior with 95% confi-
dence.

Robustness of Model Answers. To ensure our
findings are robust to distinct prompting meth-
ods, we compute the mean probability shift be-
tween standard and CoT prompting: Acor =
PCOT(YeS) — Pstandard (Yes)-

As shown in Figure 1, the impact of CoT is neg-
ligible across all model scales, resulting in an abso-
lute probability mass shift of < 0.5 & 0.56% with
95% confidence. This suggests that for this do-
main, reasoning traces function primarily as post-
hoc rationalizations rather than corrective infer-
ence steps. Consequently, our findings on belief
dynamics hold robustly across both standard and
reasoning-augmented generation.

4.2 Attribution Unfaithfulness

Wan et al. (2024) demonstrated that models often
fail to verbally estimate the persuasive weight of
evidence. We investigate this phenomenon in the
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Figure 1: Aggregate shift in belief probability before
and after CoT. The negligible delta suggests reasoning
does not significantly alter the underlying belief distri-
bution.

context of multi-document reasoning, as the ex-
plainability of agentic decision-making is critical
for safety. We compare the model’s verbalized
importance against the true causal importance of
each document.

For a subset of 200 questions, we presented the
model with the full set of permuted documents D;
and prompted it to identify the index r; of the doc-
ument that, if removed, would alter its decision
the most. We contrast this with the ground-truth
causal importance, determined via a Leave-One-
Out perturbation analysis. We identify the docu-
ment d; j, that, when removed, maximizes the di-
vergence from the original belief state:

ki = argmax Po(Yes | qi, D; \ {dm})
J 3)
— Py(Yes | qi, D;)

We define the model as faithful if the verbalized
attribution matches the causal reality (r; = k;). Our
results indicate that Llama-3.1-70B is faithful on
only 26% of questions. This confirms that we can-
not rely on self-reported attribution to determine
document utility. Consequently, the remainder of
our experiments utilize causal methods to diagnose
model decision-making.

4.3 Plasticity and Belief Stability

We introduce the metric of Plasticity (PLg p) to
quantify the sensitivity of a model’s prior beliefs to
external evidence. It is defined as the mean abso-
lute shift in probability mass assigned to the "Yes"
token when conditioned on retrieved documents D;
versus the parametric prior:

Model Ent. Prior P(Y) Al P(Y) Maj
DeepSeek-R1-8B  0.852 0.551 0.629 0.73
Gemini-2.5-FL 0.762 0.640 0.641 0.68
Llama-3.1-70B 0.758 0.681 0.688 0.69
Qwen3-32B 0.843 0.607 0.671 0.70

Table 3: Aggregate Statistics for Model Priors and Sta-
bility. Ent.: Entropy of Prior. Prior P(Y'): Avg. proba-
bility of *Yes’ before evidence. All P(Y'): Avg. proba-
bility of *Yes’ with full evidence. Maj: Probability of
agreement with majority.

1 n
PL97D = ﬁ Z ‘PQ(YCS | qi,Di)
i 4)

— Pp(Yes | q;)

Impact of Model Scale on Belief Plasticity. We
observe a general inverse relationship between the
model scale and the plasticity of belief. As illus-
trated in Figure 2, larger models tend to exhibit
higher rigidity. For example, Llama-3.1-70B dis-
plays minimal plasticity (PL = 0.0074), whereas
smaller models such as DeepSeek-R1-8B are ap-
proximately 10x more volatile (PL = 0.075),
shifting their probability distribution aggressively
in the presence of a new context.

To formalize this observation, we analyzed 10
distinct checkpoints from the Llama and Qwen fam-
ilies (1B to 70B parameters) on a random subset
of 100 tasks. Despite differences between families
contributing to variance (R? = 0.472), we find that
plasticity consistently decays as parameter count
increases, approximated by the power-law fit:

y = 0.180 - z~0-097 (5)

where x represents parameters in billions. This
trend indicates that as models scale, their priors
become increasingly persistent, requiring exponen-
tially stronger evidence to displace. While specific
architectural choices (e.g., Qwen vs. Llama) influ-
ence the baseline plasticity, the downward trajec-
tory remains robust across model families.

4.4 Quantity Dynamics

We investigate how the quantity and nature of ev-
idence modulate model answers. We do this by
providing evidence sets that all oppose model pri-
ors. Specifically, we measure the marginal impact
of adding supporting documents on the binary an-
swer state.



General Dynamics (/N ~ 1630) Distinct (Opposing) Paraphrased (Opposing)
Model Total Flips Rate Rate Xmin Rate Xmin
DeepSeek-R1-8B 279 17.1% 67.6% 1.52 76.5% 2.01
Gemini-2.5-FL 351 21.5% 63.7% 1.44 75.6% 2.24
Llama-3.1-70B-Instruct 197 12.1% 62.9% 1.27 69.8% 1.67
Qwen3-32B 170 10.4% 67.3% 1.34 73.7% 1.95

Table 4: Comprehensive Analysis of Answer Flipping Dynamics. General Dynamics shows overall stability
(N = 1630). Condition Breakdown details flip rates and thresholds (X ;) under specific evidence types: Distinct

vs. Paraphrased.
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Figure 2: Scaling Trend: Model Size vs. Plasticity.
Analysis of 10 open-weight models

Answer Flipping. To establish a causal link be-
tween retrieval documents and model answers, we
evaluate answer sensitivity across two distinct out-
put modalities: (1) the continuous shift in probabil-
ity mass assigned to the “Yes” token, and (2) the
discrete inversion of the generated answer (binary
label flipping) under greedy decoding.

While discrepancies between generative outputs
and probabilistic scores are expected due to calibra-
tion errors (Liu et al., 2024a), these metrics offer
complementary views on answering under uncer-
tainty. We posit that if a specific set of documents
D; is sufficient to invert the model’s discrete label
(flip the answer), those documents are causally in-
strumental to the answering process, overriding the
model’s priors.

Additionally, we define the Flip Threshold,
Xinin, as the mean minimum number of documents
required to invert a model’s decision from its prior
state. This is computed only on instances where
the model undergoes a decision shift within the
context window (up to 10 documents) given an
opposing prior. To control for document-specific
variance, metrics are averaged over a random sub-
set of 200 questions. We contrast two experimental

conditions:

* Informational Diversity (Distinct): Accu-
mulation of unique, distinct supporting docu-
ments.

* Redundancy (Paraphrased): Accumulation
of rephrased variations of a single supporting
document. We generate rephrases with GPT-
40 shown in Appendix A

Aggregate Flipping Dynamics. Table 4 summa-
rizes the propensity of each model to revise its
answer. In the general setting, we observe signifi-
cant variance; Qwen3-32B exhibits the lowest flip
rate (only 10.4%), while Gemini-2.5-FL has the
highest flip rate (21.5%).

However, the most critical insight emerges when
comparing evidence types. Contrary to the intuition
that diverse evidence provides a stronger signal, we
find that redundancy drives higher belief revision
rates than informational diversity. For example,
DeepSeek-R1-8B flips in 67.6% of cases when pro-
vided with distinct evidence, but this rate jumps
to 76.5% when exposed to paraphrased variations
of a single document. This trend holds across all
models, with Gemini-2.5-FL showing a massive in-
crease from 63.7% (Distinct) to 75.6% (rephrased).

Decisiveness. While flip rates indicate how often
a model flips its answer, the Flip Threshold X in,
indicates how rapidly a model flips, correlated with
the human trait of decisiveness. Llama-3.1-70B is
then the most decisive; although it flips less fre-
quently overall (12.1%), when it does yield to dis-
tinct counter-evidence, it reaches a tipping point
rapidly (X%t = 1.27). This contrasts with smaller
models like DeepSeek-R1-8B (Xgi;‘l = 1.52), pos-
sibly explained by the fact that it is slower at in-
context learning

The Illusory Truth Effect Figure 3 details the
flip dynamics for Llama-3.1-70B (see Appendix ??
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Figure 3: (Llama-3.1-70B-Instruct). Paraphrased vs dis-
tinct evidence flipping rate with all documents opposed
to model prior.

for all models). We observe a distinct crossover in
evidence efficacy. In the low-evidence regime (1-2
documents), distinct evidence (solid line) is strictly
required to initiate belief revision. However, as the
context grows, redundant evidence (dashed line)
scales more aggressively.

This confirms the statistical dominance of
rephrased evidence observed in Table 4. The behav-
ior mirrors the Illusory Truth Effect (Hasher et al.,
1977), suggesting that in long-context windows,
LLMs conflate repetition with consensus. Rather
than aggregating more distinct viewpoints to form
a robust conclusion, the models appear susceptible
to a frequency-based bias, where the sheer volume
of repetition outweighs the quantity of distinct in-
formation.

4.5 Dynamics under Conflicting Evidence

Next, we examine belief updating when retrieved
contexts contain explicitly conflicting information.
Unlike prior experiments, where evidence chal-
lenged a static parametric prior, here we initial-
ize the model with a balanced context consist-
ing of both supporting and opposing documents
(Dinit = {dpos, dneg})- This setting introduces ac-
tive epistemic conflict before additional evidence
is supplied.

Conflict Detection. To verify that models recog-
nize and track this conflict, we measure both ex-
plicit conflict detection and document-level stance
attribution accuracy. Across the models we exam-
ined, they detected knowledge conflicts over 89.8%
of the time, and correctly attributed each document
to its stance over 76.2% of the time. Empirically,

Conflict Detection & Attribution Accuracy
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Figure 4: Conflict awareness metrics. Conflict Detec-
tion. measures the proportion of instances where the
model explicitly flags a contradiction. Attribution Ac-
curacy measures the precision of assigning the correct
stance (Yes/No) to each retrieved document.

this accuracy is especially low in highly one-sided
document sets.

Belief Updating under Conflict. As shown in
Figure 5, introducing balanced conflicting evidence
increases decision stability but does not elimi-
nate sensitivity to redundant additional informa-
tion. Relative to prior-only settings, models require
more evidence to revise their answers, and overall
flip rates decrease substantially.

Attenuation of Redundancy Effects. Under
conflicting contexts, repetition continues to affect
model decisions, but its influence is reduced rela-
tive to prior-only settings. Paraphrased documents
exhibit faster diminishing returns, while distinct
documents retain comparatively greater causal im-
pact. However, this result is only consistent for
Llama-3.1-70b: In smaller models, paraphrased
documents were stronger on average in certain
scenarios (See: E.4). This suggests that mod-
els partially discount redundant evidence when it
reinforces only one side of an already contested
claim, reweighting evidence toward informational
diversity rather than eliminating repetition effects
altogether.

Positional Bias and Primacy Effects. We isolate
the impact of document ordering by constructing
balanced contexts containing equivalent opposing
and supporting evidence (D = {dpro, dcon}). We
permute the sequence to test for Primacy Bias, com-
paring configurations where prior-confirming evi-
dence appears at the start (¢ = 0) versus the end of
the context window.

Across all models, we observe that position mod-
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Figure 5: Evidence Saturation in Balanced Contexts
(Llama-3.1-70B-Instruct). Comparison of flip rates
between single-sided (Parametric Prior) and balanced
(Conflicting Context) initialization. When the model
faces conflicting information, it enters a stable state
where redundant evidence provides diminishing returns.

ulates persuasion: models are significantly less
likely to flip their belief when confirming evidence
is presented first. For Llama-3.1-70B, this primacy
advantage results in a 3.5% higher probability of
prior retention compared to the inverse ordering
(see Appendix E.2 for full sensitivity analysis).
This suggests that in conflicting scenarios, early
tokens act as an anchor, disproportionately influ-
encing the model’s arbitration logic.

5 Discussion

LLMs as Heuristic Aggregators. A central
question in RAG research is whether models per-
form semantic integration of retrieved evidence or
merely aggregate textual heuristics. Our findings
strongly support the latter. If models were reason-
ing semantically, they would value information
independence, as distinct sources provide more
total information and verification than one source
repeated several times. Instead, we observe that
models always value and in the absence of con-
flicting information strictly favor redundant, para-
phrased evidence over distinct, independent evi-
dence (Table 4). This suggests that current LLMs
operate as heuristic aggregators, relying on low-
level cues such as token frequency and position
(Primacy Bias) rather than evaluating evidentiary
quality.

Vulnerabilities in RAG Systems. This reliance
on heuristics exposes a critical vector for manipu-
lation (Amirshahi et al., 2024; Xiang et al., 2024).

Just as concurrent work has explored optimizing
content for generative engines (Aggarwal et al.,
2024), our results indicate that RAG systems are
susceptible to “context stuffing.” A malicious actor
need not provide high-quality evidence to sway a
model; they simply need to dominate the context
window with redundant, paraphrased variations of
a target claim. Crucially, our Chain-of-Thought
analysis reveals that explicit reasoning does not
correct this bias; the model simply rationalizes the
consensus formed by its aggregation heuristics.

Improving Rational Synthesis. Our experi-
ments with balanced, conflicting contexts (Section
4.5) offer a promising direction. We observed that
when models face explicit contradiction, they be-
come significantly more resistant to redundancy
and begin to favor distinct information. This sug-
gests that the solution to RAG is not merely re-
trieving confirming documents, but intentionally
retrieving dissenting viewpoints (Fang et al., 2024),
which typically does not occur unless forced. Fur-
thermore, de-duplication of evidence can mitigate
the Illusory Truth effect, and randomizing the or-
der of retrieved documents can reduce expected
primacy bias.

6 Conclusion

We introduce GroupQA, a dataset designed to un-
derstand how large language models respond to
multiple documents of retrieved evidence in RAG.
Through targeted manipulations of evidence quan-
tity, redundancy, ordering, and conflict, we charac-
terize several consistent answer dynamics: model
outputs are sensitive to repetition and presentation
order, redundant paraphrased evidence can mean-
ingfully influence answers, explicit conflicting ev-
idence attenuates but does not eliminate these ef-
fects, and larger models tend to exhibit greater an-
swer stability than smaller ones. We hope these
findings help inform the design and evaluation of
future RAG systems, and that there is further ex-
ploration of mechanistic reasons for identified be-
haviors.

7 Limitations

Domain Scope. Our analysis focuses on binary
(Yes/No) questions, which simplifies belief mea-
surement and enables precise causal interventions.
Models operating in richer answer spaces or per-
forming complex tasks may exhibit different belief



dynamics, particularly in how uncertainty is ex-
pressed. GroupQA consists exclusively of textual
evidence and does not include metadata such as
source identity, publication date, or credibility sig-
nals. The dataset is drawn from English web-based
sources. Evidence integration behavior may dif-
fer in other languages or in domains with stronger
factual consensus, such as mathematics or formal
logic.

Lack of Mechanistic Analysis. Our study char-
acterizes behavioral and causal effects but does not
identify their mechanistic origin within model inter-
nals. Attention patterns, circuit-level explanations,
and neuron-level attributions remain outside the
scope of this work.

Dual-Use Considerations. The phenomena stud-
ied here—such as sensitivity to repetition and evi-
dence ordering—could be misused for persuasive
manipulation. Our intent is diagnostic rather than
prescriptive, and we present these results to inform
the design of more robust retrieval and aggregation
mechanisms.

8 Ethical Considerations

Dataset Safety and Misinformation. GroupQA
intentionally aggregates factually incorrect and con-
troversial content to simulate retrieval noise. To
prevent the accidental propagation of misinforma-
tion, we release the dataset with strict licensing that
prohibits its use for factual knowledge training. All
instances are metadata-flagged to ensure they are
excluded from future pre-training corpora.

Dual Use and Manipulation. Our findings on
the Illusory Truth Effect and Primacy Bias expose
mechanical vulnerabilities where RAG systems
can be manipulated by repetitive or ordered ad-
versarial inputs. While these insights could theo-
retically aid in designing “SEO-style” attacks to
bias model outputs, we publish them to motivate
the development of defense mechanisms—such as
frequency-penalized attention—that improve ro-
bustness against non-factual persuasion.

Annotation Limitations. We rely on GPT-40
for stance classification. While we manually val-
idated a subset of labels with high agreement
(99%), the dataset inherently reflects the biases
and moral alignment of the annotator model. Re-
searchers should view the labels as proxies for

model-perceived stance rather than absolute seman-
tic truth.

We ensure that all datasets are de-identified and
avoid sensitive personal data. GroupQA’s design
aims to improve model robustness and reliability,
reducing misinformation risk.
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A Dataset Construction Details

To ensure reproducibility, we provide the specific
parameters and libraries used in the construction of
GroupQA. The data collection pipeline consisted
of four distinct stages:

A.1 1. Evidence Acquisition

For each generated question, we formulated two
search queries: one affirmative (A,,s) and one
negative (A,y). We utilized the Google Custom
Search JSON API to retrieve the top £ = 10 results
for each query.

To ensure the model relied solely on textual evi-
dence, we stripped all HTML, JavaScript, and vi-
sual formatting using the Trafilatura Python li-
brary. We retained only documents containing at
least 200 characters of extractable text.

A.2 2. Stance & Strength Labeling

We employed gpt-40-mini as an automated judge
to classify the stance of every retrieved document
relative to the question. The judge was prompted
to assign:

 Stance: Affirmative (Supports Yes), Negative
(Supports No), or Neutral.

* Strength: Strong (contains citations, data, or
expert testimony), Medium, or Weak.

Documents labeled as Neutral were discarded. We
manually verified a random sample of 100 docu-
ments and found a stance agreement rate of 99%.

A.3 3. Snippet Extraction

Since retrieved web pages often exceed the
context window or contain irrelevant sec-
tions, we extracted the specific paragraph
most relevant to the query. We used the
sentence-transformers/all-MinilM-L6-v2
model to embed both the question and every
paragraph in the document. We selected the single
paragraph with the highest cosine similarity to the
question embedding.

A4 4. Conflict Filtering

To ensure the dataset contained valid conflicting
evidence, we filtered the final pool. A question was
only included in GroupQA if the retrieval pipeline
yielded:

» At least 1 document labeled Affirmative.

* Atleast 1 document labeled Negative.
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This resulted in a final acceptance rate of 86.83%
(1,635 questions).

B Question Categories

To ensure diversity in our dataset, questions were
generated conditioned on the following 95 distinct
topics:

Volcanology, Folklore, Yoga, Paleopathology,
Speculative Fiction, Xenobiology, Anthropology,
Theater, Paleobotany, World Religions, Pop Cul-
ture, Anthropometry, Entertainment, Ancient Civ-
ilizations, Poetry, Comics, Animation, Festivals,
Archaeology, Dance, Radio, Etymology, Sports,
Otorhinolaryngology, Mycology, Oncology, An-
throzoology, Criminology, Television, Paranormal,
Philology, Forestry, Aerospace, Somnology, Broad-
casting, Cardiology, Cognitive Science, Quantum
Physics, Phylogenetics, Vulcanology, Epidemiol-
ogy, Nephrology, Kinematics, Astronautics, Bio-
physics, Endocrinology, Kinesiology, Odontol-
ogy, Pediatrics, Vaccinology, Semiotics, Thermo-
dynamics, Constitutional Law, Viniculture, Meta-
physics, Lexicology, Astrobiology, Civil Rights,
Plastic Surgery, Typography, Venereology, Net-
working, Cryptanalysis, Advertising, Graphic De-
sign, Cloud Computing, Dacryology, Data Sci-
ence, Thanatology, Toxicology, Human Geography,
Transportation, Etiquette, Public Transport, Phonet-
ics, Neuropathology, Multiculturalism, Andragogy,
Remote Work, Algorithms, Sociology, Bibliogra-
phy, Oceanography, Work-Life Balance, Ethics,
Bioethics, Endoscopy, Pedagogy, Cartography,
Classical Music, Paleoethnobotany, Manuscripts,
Ufology, Revolutions, Paleozoology.

C Experimental Prompts

This appendix contains the exact prompts used
across our evaluation. All prompts were used with
temperature 0.0 unless otherwise specified.

D Experimental Prompts

This appendix contains the exact prompts used
across our evaluation. All prompts were used with
temperature 0.0 unless otherwise specified.

D.1 Standard RAG Components

Core Question Template The standard template
used for all retrieval-augmented queries.



Standard Query Prompt

Question: {question}

Documents: {formatted_documents}

Document Formatting Individual documents
were formatted using the following structure be-
fore insertion:

e 1

Document 1:
[Document
words]

content, truncated to ~400

Document 2:
[Document
words]

content, truncated to ~400

\. J

Probability Instruction When requesting prob-
ability distributions, the following instruction was
appended:

Bias Reduction Instruction For specific robust-
ness checks, this system instruction was prepended:

Don’t be biased to any internal belief and
treat all documents fairly.

D.4 Conflict & Attribution

Usefulness Identification To test attribution
faithfulness:

Based on the documents above, which
document number (1-{N}) would be most
impactful if removed? Respond with only
the number.

Stance Identification To test conflict awareness:

For each document (1-{N}), indicate whether
it supports answering "Yes" or "No".

Based only on the information provided,
assign probabilities to the answers. Output
exactly two lines:
Yes: <probability>
No: <probability>

The probabilities must sum to 1.

\. J

Binary Response Instruction When requesting
binary (Yes/No) responses:

[ Answer Yes or No.

D.2 Reasoning Prompts (Chain-of-Thought)

CoT Trigger After receiving an initial response,
reasoning was elicited using:

[ Now reason step by step about the evidence. ]

D.3 Paraphrasing & Redundancy

Paraphrase Generation Prompt Used to gen-
erate semantic variations of evidence (Temp 0.7,
gpt-40-mini):

Paraphrase Generation

Rewrite the following text in {count}
different ways. Preserve the core meaning
exactly but vary the wording significantly.

Text: {opposing_document_text}

Output format:
1. [Paraphrase 1]

12

E Additional Model Analysis

E.1 Chain-of-Thought Analysis

Figure 6 illustrates the shift in belief distribution
before and after applying Chain-of-Thought (CoT)
reasoning. The high correlation suggests that rea-
soning often rationalizes the initial context-driven
belief.
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Figure 6: Pre- vs. Post-CoT belief distributions. Points
on the diagonal indicate minimal change.



E.2 Order Effects

We evaluated structural bias by presenting identical
sets of balanced evidence but inverting the order
(Supportive-First vs. Opposing-First). Figure 7
shows that placing supportive evidence earlier in
the context window consistently biases the model
toward the prior belief.
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Figure 7: Impact of Evidence Order. Blue bars
(Supportive-First) generally show higher retention of
prior belief.

E.3

Figure 8 compares the persuasive power of distinct
independent documents against paraphrased repeti-
tions.

Quantity vs. Quality (Illusory Truth)

E.4 Neutral Context Flipping

This section compares belief updates when starting
from a balanced (conflicting) context (1 Yes + 1
No) versus a single-sided context.
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Figure 8: Distinct (Solid) vs. Paraphrased (Dashed)
evidence curves. Paraphrased evidence is surprisingly
effective, often matching or approaching the power of
distinct evidence.
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Figure 9: Flipping dynamics under Neutral/Conflicting
initialization. Models require more evidence to shift
belief when starting from a conflicted state.
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