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Abstract

Large Language Models (LLMs) are increasingly employed
in applications that require processing information from het-
erogeneous formats, including texts, tables, infoboxes, and
knowledge graphs. However, systematic biases toward par-
ticular formats may undermine LLMs’ ability to integrate
heterogeneous data impartially, potentially resulting in rea-
soning errors and increased risks in downstream tasks. Yet it
remains unclear whether such biases are systematic, which
data-level factors drive them, and what internal mechanisms
underlie their emergence.
In this paper, we present the first comprehensive study of
format bias in LLMs through a three-stage empirical anal-
ysis. The first stage explores the presence and direction of
bias across a diverse range of LLMs. The second stage ex-
amines how key data-level factors influence these biases.
The third stage analyzes how format bias emerges within
LLMs’ attention patterns and evaluates a lightweight inter-
vention to test its effectiveness. Our results show that for-
mat bias is consistent across model families, driven by in-
formation richness, structure quality, and representation type,
and is closely associated with attention imbalance within the
LLMs. Based on these investigations, we identify three fu-
ture research directions to reduce format bias: enhancing data
pre-processing through format repair and normalization, in-
troducing inference-time interventions such as attention re-
weighting, and developing format-balanced training corpora.
These directions will support the design of more robust and
fair heterogeneous data processing systems.

Code — https://github.com/NLPGM/Format-as-a-prior
Appendix — https://github.com/NLPGM/Format-as-a-

prior/appendix.pdf

1 Introduction
Large Language Models (LLMs) have demonstrated im-
pressive capabilities across a wide range of natural lan-
guage tasks (Brown et al. 2020). However, their practi-
cal deployment remains constrained by key limitations, in-
cluding factual inaccuracies (commonly referred to as “hal-
lucinations”) (Ji et al. 2023) and incomplete or outdated
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Figure 1: Format bias affects the LLM’s decision.

knowledge (Petroni et al. 2019). One promising direction
to address these issues is to incorporate external knowl-
edge sources into the reasoning process—allowing models
to ground their outputs in more accurate, up-to-date, and
contextually relevant information (Lewis et al. 2020; Gao
et al. 2023; Huang and Chang 2022).

In practice, external knowledge exists in diverse for-
mats, ranging from unstructured texts to semi-structured in-
foboxes, as well as structured tables and Knowledge Graphs
(KGs). These different sources of knowledge often comple-
ment one another, and the ability to effectively harness them
together is crucial for real-world, knowledge-intensive ap-
plications.

The presence of different formats introduces a critical
challenge: LLMs may not treat all formats equally when
leveraging these heterogeneous data collaboratively. An
LLM with strong format preferences interprets information
through a distorted lens, giving undue weight to favored for-
mats regardless of actual relevance. This can affect its ability
to reason and synthesize effectively.

For example, in clinical decision support, an LLM (e.g.,
Qwen3-8b) given both textual notes and tabular examina-
tion data may overemphasize the text while overlooking key
indicators in the table, leading to an incorrect diagnosis. In
contrast, as shown in Figure 1, presenting the same infor-
mation in a knowledge graph enables the model to identify
abnormalities and reach the correct conclusion.

When homogeneous inputs are converted into hetero-
geneous ones with equivalent content, accuracy decreases



by 9% and 12% on HotpotQA (Yang et al. 2018) and
MuSiQue (Trivedi et al. 2022) (200 samples each), confirm-
ing that format heterogeneity can directly impair reasoning
performance. This phenomenon may widely arise in het-
erogeneous reasoning (Christmann, Saha Roy, and Weikum
2024), where key evidence is distributed across texts, ta-
bles, infoboxes, and knowledge graphs. LLMs may focus on
information from their preferred formats, potentially over-
looking crucial data in others. Such bias can result in in-
complete or flawed conclusions and undermine the LLMs’
role as impartial and effective synthesizers of heterogeneous
inputs.

Although there have been several studies exploring vari-
ous types of bias in LLMs, such as bias between multi-modal
data (Zhu et al. 2024; Zhang et al. 2025), there is a lack
of systematic research on format bias. To address this gap,
we present the first comprehensive investigation and analy-
sis of format bias in LLMs. Our study centers on three crit-
ical questions: whether such format biases are systematic,
which data-level factors contribute to them, and what inter-
nal mechanisms in LLMs underlie their emergence.

To systematically investigate the three questions, we con-
duct a three-stage empirical study by constructing a hetero-
geneous data conflict scenario for the exploration of bias.
The first stage explores the presence and direction of bias
across a diverse range of LLMs. The second stage aims to
examine how key data-level factors, including information
richness, structure quality, and format type, influence these
biases. The third stage investigates the emergence of format
bias within LLMs’ attention mechanisms and evaluates a
lightweight intervention strategy to assess its effectiveness
in mitigating such bias.

Our results reveal that format bias is both systematic and
consistent across models, driven primarily by differences in
information richness, structure quality, and format type. We
further show that such bias originates from imbalanced at-
tention allocation during inference and can be partially mit-
igated through attention-based interventions.

Our key contributions are as follows:
1. To the best of our knowledge, we are the first to inves-

tigate the issue of format bias in LLMs and to present a
comprehensive investigation of LLM biases toward dif-
ferent knowledge formats across a wide range of LLMs.

2. We conduct a three-stage empirical study to examine the
presence and direction of bias, identify the data-level fac-
tors that give rise to the bias, and investigate the internal
mechanisms in LLMs that contribute to their presence.

3. Based on the comprehensive investigation, we identify
three future research directions that may reduce the for-
mat bias, which will contribute the development of a
more effective heterogeneous data processing system.

2 Related Work
2.1 Heterogeneous reasoning
An important direction in AI research is to develop
LLMs capable of reasoning over heterogeneous knowledge
sources, including unstructured texts, tables, and KGs, espe-
cially when relevant evidence is dispersed across different

formats. However, existing methods often struggle to inte-
grate such fragmented information effectively for accurate
inference.

To formalize this challenge, recent benchmarks such as
COMPMIX (Christmann, Saha Roy, and Weikum 2024) and
CompMix-IR (Min et al. 2024) require cross-format reason-
ing, stimulating the development of hybrid QA systems that
combine structured and unstructured inputs.

Current approaches can be broadly categorized into two
types: (1) Unified retrieval frameworks, which abstract
away format heterogeneity using shared APIs or embedding
spaces (Xia et al. 2025; Min et al. 2024); and (2) LLM-
centric pipelines, which enhance downstream reasoning via
evidence selection, re-ranking, or modular tool use (Christ-
mann and Weikum 2024; Lehmann et al. 2024; Zhang et al.
2024; Biswal et al. 2024).

However, existing work often assumes that once evidence
is retrieved, LLMs will evaluate it fairly based on content
alone. Our study revisits this assumption by asking whether
the format in which evidence is presented can influence the
model’s judgment, even when the underlying meaning re-
mains the same.

2.2 LLM Behavior under Conflicting Evidence
Recent studies have uncovered a broad range of behavioral
biases in LLMs, extending beyond social stereotypes to sys-
tematic patterns in reasoning and judgment. A key challenge
lies in how LLMs handle conflicts—both between their
parametric knowledge (internal beliefs) and in-context ev-
idence, and among competing pieces of evidence (Xu et al.
2024). LLMs tend to favor information aligned with their
pre-trained knowledge, even when contradicted by accurate
inputs (Jin et al. 2024a; Xie et al. 2023). These LLM biases
are shaped by factors such as entity popularity (Xie et al.
2023), event recency (Fang et al. 2023), and evidence fre-
quency (Jin et al. 2024a). Input artifacts also affect LLM
behavior, such as preferring self-generated content over re-
trieved passages (Tan et al. 2024). Related efforts have also
examined knowledge conflicts in multi-modal (Zhang et al.
2025; Zhu et al. 2024) and multi-agent settings (Ju et al.
2025), where preference biases and inter-agent inconsis-
tency further complicate reasoning.

Benchmarks like ConflictBank (Su et al. 2024), WikiCon-
tradict (Hou et al. 2024), and WhoQA (Pham et al. 2024)
have been proposed to evaluate how LLMs handle factual
or semantic inconsistencies, especially in ambiguous sce-
narios. In response, a range of strategies have emerged,
including conflict-aware decoding (Yuan et al. 2024; Jin
et al. 2024a), counterfactual data augmentation (Fang et al.
2023), internal intervention via attention pruning (Jin et al.
2024b), neuron reweighting (Shi et al. 2024), or prompting
LLMs to generate multi-answer responses with source attri-
bution (Shaier, Kobren, and Ogren 2024).

Our work extends prior research by identifying a previ-
ously overlooked source of bias: the format in which infor-
mation is presented. In contrast to earlier studies that focus
on content-level factors such as recency or frequency, we
show that differences in format representation alone can sys-
tematically influence LLMs’ behavior.
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Figure 2: Examples of the four data formats used in our ex-
periments: texts, tables, infoboxes, and KGs.

3 Investigation Framework
This section establishes a framework for analyzing for-
mat bias in LLMs, encompassing dataset construction, con-
founding factor exclusion, and automated response evalu-
ation. The dataset construction process is detailed in Ap-
pendix A, with evaluation details in Appendix B.

3.1 Dataset and Format Construction
We construct our dataset based on ConflictBank (Su et al.
2024), a public corpus designed to evaluate LLM behav-
ior under factual conflicts. We randomly sample 4,000 en-
tries, each containing one factual claim and three counter-
claims with corresponding supporting evidence. This results
in 12,000 contradiction pairs, as each claim is paired in-
dividually with each of the three counterclaims. Each pair
consists of two different claims about the same subject and
relation, each supported by its own piece of evidence.

While the original evidence in ConflictBank is presented
in plain text, our goal is to examine how LLM behavior is in-
fluenced by presenting supporting evidence in different data
formats. To construct each heterogeneous contradiction pair,
we randomly convert the two pieces of evidence, each of
which supports a different claim about the same subject, into
different formats. If the selected format is text, no conver-
sion is applied.

We use GPT-4o-mini as a transformation engine to con-
vert selected texts into one of the following Wikipedia-
inspired formats.

• KGs: A set of (Subject, Predicate, Object) triples captur-
ing core semantic relations.

• Infobox: A structured key-value format modeled after
Wikipedia infobox templates, summarizing factual infor-
mation.

• Table: A tabular format styled after Wikipedia ta-
bles, presenting comparable facts in labeled rows and
columns.

Figure 2 provides illustrative examples of these four for-
mats, showing how semantically equivalent information can
be presented in structurally distinct ways. These formats re-
flect the most commonly used representations in prior work
on heterogeneous reasoning. Manual inspection of 5% sam-
ples confirms 98.7% factual and 99.3% syntactic accuracy,
reflecting strong data fidelity.

3.2 Confounding Factor Control
To ensure that our evaluation isolates the effect of evidence
format itself, we implement controls to eliminate two major
confounding factors: internal knowledge bias and evidence
presentation order.

• Filtering Internal Knowledge: To ensure that LLM re-
sponses are based on external evidence rather than para-
metric memory, we adopt a filtering procedure consis-
tent with prior work (Gekhman et al. 2024). Each fac-
tual claim is tested 16 times by directly querying a given
LLM with the corresponding question in a zero-shot set-
ting, and only those samples for which the model fails to
reproduce the factual claim in all trials are retained.

• Randomizing Evidence Order: To eliminate the known
bias introduced by input order (Xie et al. 2023), we ran-
domize the sequence of all evidence segments for each
input.

3.3 Evaluated LLMs
This evaluation covers ten LLMs across six major se-
ries: GPT-4o-mini (Achiam et al. 2023), LLaMA-3.1 (8B),
Mistral (7B), Qwen3 (8B, 14B, 30B-A3B, 32B) (Team
2025), Gemma-2 (9B, 27B) (Team et al. 2024), and GLM-
4 (9B) (GLM et al. 2024). These LLMs span a range of
sizes and architectures, enabling cross-family comparison of
format-driven biases.

To ensure reproducibility and eliminate stochasticity, all
evaluations were conducted in deterministic inference mode
(temperature = 0, without sampling randomness).

3.4 Evaluation Protocol and Metrics
Given the dataset’s scale, we adopt an automated evalua-
tion pipeline using LLMs as adjudicators. Specifically, GPT-
4o-mini, GLM-4.5-Air (Zeng et al. 2025), and Qwen-plus
are employed to judge which of the two conflicting claims
(Source A or Source B) each target response supports.

Each model independently evaluates every sample three
times for stability, with the final label per model determined
by majority vote. We then compute FPR and DCR for each
model and report their averages across the three evalua-
tors. This multi-model setup improves consistency and miti-
gates variance in individual LLM judgments. Manual checks
on a randomly sampled 5% subset show 99.8% agreement
between human and averaged LLM judgments, confirming
high reliability.

Each LLM response is classified into one of three mutu-
ally exclusive categories:

• Pref-A: The response predominantly or exclusively sup-
ports the claim from Source A.

• Pref-B: The response predominantly or exclusively sup-
ports the claim from Source B.

• Both: The response acknowledges the contradiction and
presents both perspectives in a comparative or side-by-
side manner.

All responses in our experiments fall unambiguously into
one of these three categories, and no additional response



types are observed. This categorization enables two quan-
titative bias metrics used throughout our analysis.:

• Dual Coverage Rate (DCR): Measures the proportion
of responses that acknowledge both claims, indicating an
LLM’s capacity to represent multiple perspectives:

DCR =
Both

Pref-A + Pref-B + Both
(1)

• Format Preference Ratio (FPR): Captures asymmetric
bias between conflicting claims when an LLM gives a
single-sided response. For the A vs. B experiments, the
FPR is calculated as:

FPR =
Pref-A

Pref-A + Pref-B
(2)

These two metrics correspond to the two bias types in-
troduced earlier: DCR captures the presence of bias, while
FPR captures the direction of bias.

4 Experimental Results and Analysis
In this section, we present the empirical results of our three-
stage investigation. Complete experimental details and raw
results are provided in Appendix C.

4.1 Establishing the Existence of Format Bias
Objective and Setup The primary aim of this initial ex-
periment is to test the null hypothesis that LLMs process in-
formation in a format-agnostic manner. To this end, we con-
duct a large-scale evaluation using the experimental frame-
work outlined in Section 3. We assess ten state-of-the-art
LLMs from various families and parameter scales. Each
LLM is evaluated on all six possible pairs among the four
target data formats: texts, tables, infoboxes, and KGs. This
design yields 60 unique experimental conditions (10 LLMs
× 6 format pairs), enabling a comprehensive assessment of
systematic format biases.
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Figure 3: Average DCR across models under heterogeneous
and homogeneous formats. Error bars show standard error.

Top-Level Findings Our results provide strong evidence
against the null hypothesis of format impartiality, revealing
instead a consistent and multifaceted pattern of bias in both
its presence and direction.
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The first pattern, the presence of bias, is pervasive under
heterogeneous format conditions. This is reflected in the uni-
formly low Dual Coverage Rate (DCR), ranging from 3.01%
to 24.02%, indicating that LLMs often fail to acknowledge
conflicting information across different formats, typically
exhibiting a preference for one input while disregarding the
other.

To isolate the role of format, we introduce a control condi-
tion where both inputs are presented in plain text. As shown
in Figure 3, DCR increases markedly under this homoge-
neous setting. This contrast highlights a broader pattern: for-
mat heterogeneity alone can independently and substantially
impair a model’s ability to jointly consider multiple inputs,
even when the content is semantically equivalent.

This limitation persists across models of varying size, as
no clear scaling trend is observed. For example, within the
Qwen3 series, larger models do not exhibit improved per-
formance in this regard, suggesting that increased parameter
size alone does not resolve this form of processing asymme-
try.

The second, and more decisive, pattern is a strong direc-
tional bias that emerges when an LLM commits to a single-
sided response. Despite considerable variation in architec-
ture and scale, LLMs demonstrate a surprisingly consistent
pattern of format preferences. As shown in Figure 4, our
cross-model analysis reveals a clear preference hierarchy:
semantically rich formats such as texts and KGs are consis-
tently favored over visually structured ones like infoboxes
and tables. Furthermore, when we group the data by topi-
cal domain, we find that these biases persist across domains,
suggesting that the observed biases are robust and general-
izable. See Appendix C.7 for detailed domain-level results.
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4.2 Identifying the Factors Behind Format Bias
Having established the widespread presence of format bias,
we now turn to investigating its data-level factors. While
prior work has extensively explored factors influencing
LLM biases in textual inputs, our focus is on structured data
and the properties that may shape LLM behavior in this con-
text. To move from identifying whether such bias exists to
understanding why it arises, we decompose the abstract no-
tion of “format” into three representative and controllable
dimensions: the structure itself, and the content, which we
further divide into quantity and quality.

Building on this decomposition, we hypothesize that three
key dimensions (the amount of information conveyed, re-
ferred to as quantity; the structural quality of that informa-
tion, or quality; and the mode of presentation, or format
type) play a central role in shaping how LLMs evaluate evi-
dence.

To assess the influence of these factors, we design a uni-
fied experimental framework that applies to two of the three
factors (with the exception of the format type). Each of these
two factors is examined under two complementary condi-
tions:

• Homogeneous setting: Two evidence sources of the
same format are compared, differing only in the factor
under investigation. This controlled design isolates the
variable to reveal an LLM’s intrinsic sensitivity to that
property.

• Heterogeneous setting: A structured evidence source is
paired with unstructured plain texts. This setup assesses
the relative strength of the structured format and how
its properties influence an LLM’s preference when com-
pared against a universal baseline.

Factor 1: Information Richness This factor concerns
the volume of factual detail within an external knowledge
source used during reasoning. In real-world applications, the
external context provided to LLMs often varies widely in
the amount of information it contains. It serves as a proxy
for the completeness of factual detail. To examine whether
LLMs apply a “more is better” heuristic, interpreting quan-
tity as indicative of evidentiary strength, we systematically
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vary the number of entries in structured formats (e.g., table
rows or knowledge graph triples).

In the homogeneous setting, we conduct experiments
within each format type (tables, KGs, and infoboxes), com-
paring three levels of information richness across three pair-
wise conditions: 4 vs. 8 entries, 8 vs. 12 entries, and 4 vs.
12 entries.Results consistently indicate that LLMs favor the
richer variant in each pair, irrespective of format. This sug-
gests that even when structure is held constant, LLMs ex-
hibit a systematic bias for inputs with more factual content
(see Figure 6).

In the heterogeneous setting, we assess whether this pref-
erence generalizes when structured inputs are compared
against unstructured texts. For each format, we construct
three pairs: texts vs. 4-entry structure, texts vs. 8-entry struc-
ture, and texts vs. 12-entry structure. All structured inputs
are generated from the same source texts as the correspond-
ing text versions, ensuring content consistency. Across all
formats, LLMs’ bias for the structured inputs increases with
the number of entries (see Figure 6).

These findings suggest that LLMs tend to associate
greater volumes of factual content with higher evidentiary
value, both within individual formats and when comparing
structured and unstructured inputs.

Factor 2: Structure Quality This factor examines
whether LLMs are sensitive to the structural integrity of ex-
ternal knowledge inputs. In practice, structured formats like
tables or knowledge graphs may contain noise or malformed
syntax. To simulate this, we introduce controlled corruption
into structure-defining tokens (e.g., brackets, colons, sepa-
rators), randomly replacing them with other characters or
blanks at fixed probabilities (0.45 and 0.9), while preserv-
ing the underlying factual content.

In the homogeneous setting, we compare clean and cor-
rupted versions within each format type. LLMs consistently
favor the well-formed input, confirming that structure qual-
ity serves as a reliability signal. Notably, the preference sat-
urates beyond moderate corruption (e.g., 0.45), indicating
that LLMs tend to treat inputs as either structurally valid or
invalid (see Figure 6).

In the heterogeneous setting, we pair each corrupted ver-
sion with its corresponding clean texts. Each corruption level



is applied to the same intact structured data instance, guar-
anteeing that the underlying information remains identical
across differently corrupted versions. LLMs’ bias for the
structured inputs declines sharply as corruption increases,
despite identical semantics. This suggests that structural
degradation alone can undermine the perceived credibility
of otherwise accurate structured inputs (see Figure 6).

Factor 3: Format Type This factor investigates the im-
pact of the representational structure and layout used to rep-
resent logically equivalent information. The choice between
plain text, a relational graph (KGs), or a visual grid (tables,
infoboxes) embodies core differences in format semantics.
Holding the content constant, we ask: do LLMs possess in-
trinsic preferences for certain data structures?

Metric Infobox Table KGs
FPR 0.235 0.398 0.336

Table 1: Average FPR between structured data and texts
(mean across ten LLMs).

We construct matched pairs with identical factual entries
in both texts and structured variants. As shown in Table 1,
the results reveal a consistent hierarchy: tables are most
competitive, followed by KGs, with infoboxes least pre-
ferred. All three structured variants contain nearly identical
content, differing only in their representational layout. This
suggests that the format itself, rather than the informational
content, modulates LLMs’ bias.

Cross-Factor Insight Consistent with the findings in Sec-
tion 4.1, we observe that format homogeneity substantially
reduces bias in presence. This trend holds not only for un-
structured inputs but also extends to structured formats such
as tables and knowledge graphs, where DCR increases sig-
nificantly (28%–53%) when both inputs adopt the same for-
mat. These results suggest that LLMs are more capable of
jointly considering multiple sources of information when
they are presented in a uniform structure. In contrast, even
when the content is semantically equivalent, presenting in-
formation in heterogeneous formats tends to impair integra-
tion and leads to partial or selective processing.

4.3 Mechanism Behind Format Bias
In this analysis, we move beyond identifying data-level fac-
tors to analyzing how format bias manifests within the in-
ternal processing of LLMs. Our aim is to examine whether
differences in attention allocation across input formats are
associated with the presence and direction of bias identi-
fied earlier. We focus our analysis on three representative
LLMs from different model families: Qwen3-8B, Mistral-
7B-Instruct-v0.3, and Llama-3.1-8B-Instruct.

The Relation Between Attention Allocation and Presence
of Bias We begin by analyzing how attention is distributed
between conflicting evidence inputs during inference. For
each input pair, we compute the mean attention mass as-
signed to each segment and then calculate the absolute dif-

ference between the two values to quantify the degree of im-
balance.

To quantify the negative correlation between attention gap
and DCR, we employ Spearman’s rank correlation coeffi-
cient as a measurement. The results show coefficients of
–0.31, –0.37, and –0.54 across the three LLMs, indicating
a weak to moderate negative correlation. This suggests that
greater imbalance in attention distribution is associated with
a lower likelihood of the model recognizing both sources of
information.

This implies that format bias arises, at least in part, from
skewed attention allocation early in processing, which in-
creases the chance of one source being overlooked.

The Relation Between Attention Allocation and Direc-
tion of Bias We further examine whether attention alloca-
tion can explain which input LLMs tend to prefer when se-
lecting only one side. Interestingly, in 82.35 percent of such
cases, they favor the source that received less attention.

This observation implies that while attention imbalance
affects whether both sources are represented in the output, it
does not consistently determine the direction of preference.
In other words, a segment receiving more attention does not
necessarily have a higher chance of being selected as the
final answer.

These results indicate that attention allocation is related
to both types of bias, though the nature of this relationship
may differ.

Attention-Guided Intervention To move from correla-
tion to causation, we design an intervention that directly
modifies the internal representations produced by the atten-
tion mechanism.

Specifically, we apply a normalization-based reweight-
ing to the attention distribution at each generation step. Let
A ∈ RH×Lq×Lk denote the attention tensor, where H is the
number of heads, Lq the query sequence length, and Lk the
key sequence length. At the current decoding step, we de-
note the attention distribution over keys as a ∈ RLk , where
aj represents the attention weight assigned to the j-th key
token.

To ensure that the two pieces of evidence receive equal
total attention, we define the corresponding token index sets
I1 and I2, and compute the total attention mass on each:

m1 =
∑
j∈I1

aj , m2 =
∑
j∈I2

aj (3)

We then compute their average:

m̄ =
m1 +m2 + ε

2
(4)

where ε is a small constant for numerical stability. The at-
tention weights are reweighted accordingly:

a′j =


m̄

m1+ε · aj , j ∈ I1
m̄

m2+ε · aj , j ∈ I2
aj , otherwise

(5)

This procedure enforces equal total attention mass across the
two evidence segments, while preserving the original intra-
segment distribution.
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Figure 7: Effects of intervention methods in terms of DCR and FPR.

Experiment Results We apply the attention-balancing in-
tervention to three representative LLMs and compare their
behavior before and after modification.

The results reveal a consistent improvement in the mod-
els’ ability to attend to both conflicting sources: DCR signif-
icantly increases across all format pairs and all three mod-
els (see Figure 7). This suggests that enforcing a more bal-
anced attention distribution during inference effectively en-
courages the model to integrate information from both input
segments, rather than overlooking one entirely. When ap-
plied to heterogeneous-input reasoning tasks, the attention-
balancing method also improves performance on down-
stream RAG-style QA datasets, including HotpotQA and
MuSiQue, where accuracy increases by 6.5% and 9.5%, re-
spectively.

In contrast, FPR remains largely stable after the interven-
tion, and the changes are not statistically significant across
the evaluated models (see Figure 7). This implies that al-
though the LLMs process both sources more evenly, the in-
tervention has limited effect on their final output preferences
once a directional bias has emerged.

The different effects of attention interventions on DCR
and FPR suggest that presence of biases are at least partially
controllable at inference time, whereas direction of biases
are more resistant to modification. These more stable pref-
erences may reflect deeper inductive biases acquired during
pretraining, such as stronger alignment with textual inputs.

5 Discussion
Our findings show that format bias in LLMs is systematic
and has practical consequences for systems processing het-
erogeneous data. To mitigate it, interventions can be applied
at three levels: pre-processing, inference, and model devel-
opment.

Data Pre-processing Pre-processing is a cost-effective
way to reduce bias. Since LLMs tend to trust well-structured
inputs, automatically repairing corrupted format in tables or
KGs can prevent valuable content from being dismissed. Ad-

ditionally, using a consistent input format can help reduce
format-induced bias, as LLMs perform better when differ-
ences in input format is minimized. During the transforma-
tion process, it is important to preserve all essential informa-
tion while avoiding the introduction of noise or unintended
alterations.

Inference-Time Intervention Re-balancing attention
across inputs during inference can help LLMs more effec-
tively integrate information from multiple sources, reducing
the tendency to overlook less-preferred formats. By en-
couraging the model to distribute attention more evenly
across heterogeneous data, it enhances the model’s ability to
incorporate information from all inputs and supports more
robust and balanced reasoning. Although such adjustments
may not fully shift the model’s final output bias, they
improve its intermediate processing. Future work may
explore more fine-grained or deeper intervention strategies
to better align model attention with content relevance and
reduce structural bias during inference.

Model Development and Fine-tuning Format prefer-
ences likely originate from pretraining data imbalance. Mit-
igation may involve training on format-balanced corpora,
using contrastive objectives, or incorporating format-aware
modules. Though costlier than inference-time methods, such
approaches offer a more fundamental solution.

6 Conclusion
This work presents the first in-depth study of format bias
in LLMs, identifying it as a consistent effect driven by in-
formation richness, structure quality, and format type. The
bias manifests in two types: the presence of bias that can
be mitigated, and the direction of bias likely rooted in pre-
training. These findings underscore the importance of treat-
ing data format as a core factor in LLM design and evalua-
tion. We also outline practical mitigation strategies, includ-
ing data preprocessing, inference-time attention adjustment,
and format-aware training, which together offer clear paths
for reducing format bias in heterogeneous reasoning.
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Goyal, N.; Küttler, H.; Lewis, M.; Yih, W.-t.; Rocktäschel,
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