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Abstract

Large language models (LLMs) frequently generate fluent yet
factually inaccurate content, a phenomenon known as hallu-
cination. Recent inference-time approaches aim to improve
truthfulness by steering model activations toward semanti-
cally meaningful directions. While effective to some extent,
these methods typically process activations independently,
neglecting the internal coordination structure of multi-head
attention (MHA), where attention heads interact to form se-
mantic representations. In this work, we propose CoFact, an
adaptive inference-time mechanism that improves factual con-
sistency by dynamically coordinating attention head behaviors.
Inspired by cooperative game theory, CoFact conceptualizes
attention heads as collaborative agents. It models the semantic
utility and redundancy of each head and adaptively modulates
their contributions to the final attention output. Notably, rather
than directly altering intermediate representations, CoFact
performs token-level coordination to encourage diverse and
complementary attention patterns across heads. CoFact is plug-
and-play compatible with mainstream LLM architectures and
requires no additional supervision or model retraining. Experi-
mental results across multiple standard factuality benchmarks
demonstrate that CoFact consistently enhances factual accu-
racy while maintaining generation fluency.

Introduction
Large language models (LLMs) have demonstrated impres-
sive capabilities in generating coherent and contextually rich
text (Yao et al. 2024). Despite their remarkable success, they
remain prone to a persistent limitation known as hallucina-
tion, producing fluent but factually inaccurate content (Huang
et al. 2025; Tonmoy et al. 2024). This issue is particularly
critical in high-stakes domains such as healthcare, law, and
education, where factual consistency is essential (Bai et al.
2024). Although substantial progress has been made to miti-
gate hallucination through external knowledge augmentation
(Zhang et al. 2024; Sriramanan et al. 2024), post-hoc verifi-
cation (Zhao et al. 2024; Yu, Jalaian, and Bastian 2024), or
training time regularization (Li et al. 2024; Arteaga, Schön,
and Pielawski 2024), these methods typically incur signifi-
cant inference overhead, require additional supervision, or
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Figure 1: An illustration of how uncoordinated attention leads
to hallucination. In LLaMA3-8B-Instruct, multiple heads
attend to similar tokens, resulting in redundant focus and
an incorrect answer (“No”). CoFact promotes diverse and
complementary attention, yielding the correct fact (“Yes”).

demand architectural modification factors that limit their ap-
plicability in black-box or resource-constrained settings.

In contrast, inference-time intervention strategies (Li et al.
2023; Zhang, Yu, and Feng 2024; He et al. 2024) provide a
more adaptive and modular alternative. However, their inte-
gration with the internal mechanisms of LLMs, particularly
the collaborative behavior of multi-head attention (MHA)
modules (Vaswani et al. 2017), remains relatively underex-
plored. Ideally, MHA is designed to enable attention heads to
learn complementary and diverse representations of the input
(Wang et al. 2022; Cordonnier, Loukas, and Jaggi 2020; Li
et al. 2018). Yet through experimental analysis of attention
behaviors (see Figure 1), we observe a striking pattern: At-
tention heads frequently focus on overlapping regions, even
when processing semantically complex inputs. This behav-
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ior leads to redundant information flow, reduces semantic
diversity, and weakens inter-head collaboration, ultimately
increasing the likelihood of hallucinated content.

We attribute this phenomenon to the absence of an adaptive
mechanism that regulates the contribution of each attention
head during inference. Without such coordination, heads with
low semantic utility may amplify irrelevant signals, while
redundant heads waste capacity by focusing on overlapping
content. These observations motivate our central hypothesis:
Hallucination can be mitigated by adaptively modulating
attention head influence based on their semantic utility and
redundancy. This hypothesis is further supported by a theo-
retical analysis, as detailed in Appendix A.

Motivated by these observations, we propose CoFact, an
adaptive inference-time mechanism that improves the factual
consistency of generated content by dynamically coordinat-
ing the behavior of attention heads. Unlike prior methods that
intervene on isolated activations (Li et al. 2023), prune heads
entirely (Voita et al. 2020), or inject fixed perturbations into
the representation space (Zhang, Yu, and Feng 2024; He et al.
2024), CoFact preserves the full attention structure and intro-
duces a structured redistribution scheme. This mechanism is
inspired by cooperative game theory (Owen 2013), viewing
attention heads as collaborative agents whose contributions
should be adaptively modulated based on their semantic util-
ity and redundancy. To operationalize this principle, CoFact
comprises three coordinated components: a semantic valuator
that estimates each head’s contribution to the current token,
a conflict arbiter that measures inter-head redundancy, and
a coalition coordinator that integrates both signals to redis-
tribute attention activations in a utility-aware manner. Exten-
sive experiments on multiple open-source language models
such as LLaMA2, LLaMA3, Mistral, and Gemma across
factuality benchmarks including TruthfulQA, TriviaQA, and
Natural Questions demonstrate that CoFact integrates effec-
tively into existing models and consistently improves factual
consistency without compromising fluency.

Summary of Contributions. (1) We propose CoFact, an
adaptive inference-time mechanism that improves factual
consistency by dynamically coordinating attention head be-
haviors. Its design is inspired by cooperative game theory,
which models attention heads as collaborative agents guided
by their semantic utility and redundancy. (2) We introduce
a utility-aware redistribution framework composed of three
components: a semantic valuator, a conflict arbiter, and a
coalition coordinator. Together, these modules enable fine-
grained modulation of attention during generation. (3) Exper-
iments on multiple open-source LLMs and standard factuality
benchmarks demonstrate that CoFact consistently enhances
factual accuracy without compromising efficiency.

Related Work
Inference-Time Hallucination Mitigation
Existing approaches to mitigating hallucinations in LLMs
can be broadly categorized into external knowledge augmen-
tation (Agrawal et al. 2023; Andriopoulos and Pouwelse
2023; Guan et al. 2024; Mentzelopoulou 2024) and internal
intervention methods (Li et al. 2023; Chuang et al. 2023;

Zhou et al. 2024; Duan et al. 2025). Our work belongs to the
latter, focusing on inference-time strategies that require no
retraining or architectural modification. State-editing meth-
ods such as ITI (Li et al. 2023), TruthX (Zhang, Yu, and Feng
2024), LLM Factoscope (He et al. 2024), and TrFr (Chen
et al. 2024b) steer generation through activation modification
or projection constraints, but often depend on auxiliary su-
pervision. Contrastive techniques like DoLa (Chuang et al.
2023) and ICD (Zhang et al. 2023) enhance semantic align-
ment but may degrade fluency. In contrast, CoFact introduces
a coordination-based mechanism that adaptively redistributes
attention activations, promoting diverse and complementary
attention patterns to improve factual consistency.

Coordination and Redundancy in MHA
Prior studies have shown that attention heads often attend
to similar patterns, resulting in redundancy, reduced expres-
siveness, and poorer generalization (Bian et al. 2021; Devlin
et al. 2019; Xu et al. 2021; McGrath et al. 2023; Li, Chen,
and Tong 2025). To address these issues, pruning-based meth-
ods (Cordonnier, Loukas, and Jaggi 2020; Michel, Levy, and
Neubig 2019; Voita et al. 2020) remove redundant heads to
improve efficiency, albeit at the cost of reduced model capac-
ity. Diversity-promoting regularization (Li et al. 2018; Cui
et al. 2019) introduces auxiliary losses to encourage differen-
tiation across heads, though they may cause unstable training
dynamics. Alternatively, cooperative optimization strategies
(Wang et al. 2022; Peng et al. 2020; Shazeer et al. 2020;
Tjandra et al. 2020; Peters et al. 2019) explicitly model inter-
head interaction to enhance global attention expressiveness.
Building on these insights, we develop an adaptive coordi-
nation mechanism that mitigates inter-head redundancy and
encourages diverse, specialized attention, without modifying
model architecture or training dynamics.

The CoFact Framework
In this section, we formalize the problem and introduce
the CoFact framework, which enhance factual consistency
through attention modulation. CoFact consists of three com-
ponents: a semantic valuator that estimates token-wise head
utility, a conflict arbiter that penalizes inter-head redundancy,
and a coalition coordinator that redistributes attention based
on both signals. Figure 2 illustrates the overall architecture.

Problem Setup
We draw inspiration from cooperative game theory and treat
attention heads as collaborative agents that collectively con-
tribute to token-level representations during generation. Let
H = {h1, h2, . . . , hm} denote the set of attention heads in a
given layer. At each decoding step t, the model receives a hid-
den representation Xt−1 ∈ Rn×d, where n is the sequence
length and d is the hidden dimension. Each head hi ∈ H
produces an intermediate output:

O
(t)
i = softmax

(
QiK

⊤
i√

dk

)
Vi, (1)

where Qi = Xt−1W
i
q , Ki = Xt−1W

i
k, and Vi = Xt−1W

i
v

are the query, key, and value projections for head hi, respec-

31709



Figure 2: Overview of the CoFact framework. Given a user query, attention heads are treated as cooperative agents. CoFact
jointly evaluates the semantic utility and redundancy of each head, and adaptively reallocates attention to promote diverse and
complementary focus. This coordinated mechanism leads to factually consistent generation.

tively. Our goal is to compute a dynamic activation profile
α(t) = {α(t)

1 , . . . , α
(t)
m }, where each α

(t)
i ∈ [0, 1] reflects

the semantic utility and redundancy of head hi at step t. The
refined attention output is obtained by weighted aggregation:

OCoFact
t =

m∑
i=1

α
(t)
i ·O(t)

i , with
∑
i

α
(t)
i = 1. (2)

Unlike static or learned weights fixed during training,
CoFact infers α(t) adaptively at each step based on token-
specific attention behaviors. The objective is to suppress re-
dundant activations and promote semantic diversity, thereby
improving factual consistency without modifying the model
parameters or requiring retraining.

Semantic Valuator
To quantify the semantic utility of each attention head during
inference, we define a contribution payoff that evaluates the
marginal impact of a head on the layer’s output representation.
Specifically, for a given head hi in layer l at decoding step t,
its utility is computed as:

U (l,t)
con (hi) =

∥∥∥O(l)
t −O

(l)
t,(−i)

∥∥∥2
2
, (3)

where O(l)
t denotes the aggregated output of all heads in layer

l at step t, and O
(l)
t,(−i) is the output when hi is excluded. This

value captures how much the removal of hi perturbs the
representation. This formulation aligns with the notion of
marginal contribution (Young 1985) in cooperative settings,
where an agent’s value is measured by its added utility to
the group. It also echoes the intuition of mutual information

I(hi;x), which quantifies how much information a head en-
codes about the input. Although we do not compute I(hi;x)
explicitly, Ucon serves as a tractable proxy for estimating a
head’s semantic distinctiveness. A higher U (l,t)

con (hi) implies
that hi carries unique information that influences the token-
level output. Conversely, a low score suggests redundancy
or irrelevance, which may correlate with hallucination-prone
behaviors. This dynamic, token-level evaluation lays the foun-
dation for CoFact’s attention reallocation.

Conflict Arbiter
While semantic contribution captures the individual utility
of each head, effective coordination also requires discourag-
ing excessive overlap among heads. To this end, we define
a redundancy payoff function that quantifies the similarity
between a given head and its peers in the same layer. Let
A

(l,t)
i ∈ Rn×n denote the attention matrix of head hi at layer

l and decoding step t, where n is the sequence length. The
redundancy score for head hi is computed as the average
pairwise cosine similarity between its attention pattern and
those of the remaining heads:

U
(l,t)
red (hi) =

1

|H| − 1

∑
j ̸=i

C
(l,t)
i,j , (4)

where C(l,t)
i,j denotes the cosine similarity between A

(l,t)
i and

A
(l,t)
j , defined as the dot product of their vectorized forms:

C
(l,t)
i,j =

⟨vec(A(l,t)
i ), vec(A(l,t)

j )⟩

∥A(l,t)
i ∥F · ∥A(l,t)

j ∥F
, (5)

vec(·) denotes the vectorization operator and ∥·∥F the Frobe-
nius norm. Cosine similarity is used as it captures directional
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alignment between attention patterns while being invariant to
their scale, making it well-suited for identifying redundant
attention behavior. A high redundancy score indicates that
hi attends to similar regions as other heads, suggesting lim-
ited contribution to representation diversity. By penalizing
such redundancy, CoFact encourages more specialized and
complementary attention behaviors across heads.

Coalition Coordinator
To consolidate semantic utility and redundancy into a uni-
fied activation scheme, we define a utility function for each
attention head hi in layer l at decoding step t as:

U (l,t)(hi) = α · U (l,t)
con (hi)− β · U (l,t)

red (hi), (6)
where α and β are non-negative hyperparameters balancing
contribution and redundancy. This combined utility reflects
the overall contextual value of each head with respect to the
current token. To translate utility scores into operational be-
havior, we compute a softmax-based activation distribution:

α̃
(l,t)
i =

exp(λU (l,t)(hi))
m∑
j=1

exp(λU (l,t)(hj))
, (7)

where λ is a temperature parameter that controls distribution
sharpness. This softmax transformation normalizes utilities
and emphasizes differences between high- and low-utility
heads. It instantiates the abstract activation profile α

(t)
i from

Problem Setup, now realized as layer-specific weights α̃(l,t)
i

based on utility. Semantically informative and non-redundant
heads receive greater influence, while less useful ones are
down-weighted. This enables differentiable, bounded redis-
tribution without hard pruning. The final output of layer l at
step t is computed via weighted aggregation:

O
CoFact,(l)
t =

m∑
i=1

α̃
(l,t)
i ·O(l,t)

i . (8)

This mechanism enables CoFact to dynamically reallocate
attention based on per-token context, promoting diverse and
specialized behaviors across heads. Hyperparameter choices
(α, β, and λ) are detailed in Appendix B.

Experiments
We evaluate CoFact on multiple language models and stan-
dard factuality benchmarks to assess its effectiveness in im-
proving factual consistency. This section outlines the evalua-
tion setup and presents core experimental results.

Experiment Setup
Dataset and Evaluation Metrics. We evaluate our method
on three factuality benchmarks: TruthfulQA (Lin, Hilton,
and Evans 2021), TriviaQA (Joshi et al. 2017), and Natural
Questions (NQ) (Kwiatkowski et al. 2019). TruthfulQA in-
cludes both multiple-choice and open-ended formats; for the
former, we report accuracy, and for the latter, we follow its
dual-metric protocol by reporting truthfulness (True), infor-
mativeness (Info), and their composite score (True*Info) as

the main metric. We also include BLEURT (Sellam, Das, and
Parikh 2020) scores to assess surface-level similarity with
gold references. Following recent practice, we fine-tune a
GPT-4o-Mini-based evaluator using publicly available an-
notations to replace the deprecated GPT-3 classifier. To as-
sess generalization, we adopt TriviaQA and NQ, using 3,610
question subsets from each dataset as constructed in Li et al.
2023, and follow the factuality evaluation method proposed
in Wang et al. 2025.

Models. We evaluate CoFact on a diverse set of widely-
used open-source LLMs, including LLaMA2-7B-Chat and
LLaMA2-13B-Chat (Touvron et al. 2023), LLaMA3-8B-
Instruct (Dubey et al. 2024), Mistral-7B-Instruct-v0.2/v0.3
(Jiang et al. 2023), and Gemma2-9B-it (Team et al. 2024).
These models span different sizes, training recipes, and archi-
tectural generations, enabling a comprehensive evaluation of
CoFact’s effectiveness and compatibility.

Baselines. We compare CoFact against several representa-
tive inference-time baselines. Base refers to the unmodified
LLM without any intervention. ITI (Li et al. 2023) and its
non-linear variant NL_ITI (Hoscilowicz et al. 2024) steer
internal activations toward truthful semantics via directional
edits. DoLa (Chuang et al. 2023) aligns hidden states through
contrastive decoding. AD (Chen et al. 2024a) adjusts token
probabilities based on the sharpness of in-context activations,
while TruthFlow (Wang et al. 2025) detects hallucinations by
tracing disruptions in hidden state propagation across layers.

Main Results
TruthfulQA Results Across Models. Table 1 reports the
factuality evaluation results of CoFact and several baselines
across six base models on the TruthfulQA benchmark. In the
open-ended generation setting, CoFact consistently achieves
the highest factual accuracy, with improvements over the
base model ranging from 3.46% to 18.44% in the True score,
and reaching up to 18.54% in the composite True*Info met-
ric. It also increases BLEURT scores across all base models,
indicating better semantic alignment with reference answers.
Compared to inference-time methods such as ITI and DoLa,
CoFact demonstrates superior truthfulness while maintaining
strong informativeness. Although DoLa yields slightly higher
informativeness in some cases, it often underperforms in
truthfulness, reflecting a tendency toward verbose or less ac-
curate outputs. In contrast, CoFact strikes a better balance by
enhancing factual accuracy without compromising informa-
tion richness or semantic quality, as reflected in both Info and
BLEURT scores. This suggests that its coordination mecha-
nism effectively promotes precise and relevant attention. In
the multiple-choice setting, CoFact achieves competitive ac-
curacy across models and outperforms the base method in five
out of six cases. While the absolute gains in this format are
moderate, the substantial improvements in open-ended tasks,
where hallucination is more prevalent, highlight CoFact’s
robustness in enhancing factual reliability during generation.

Cross-Dataset Generalization. To evaluate generalization
beyond TruthfulQA, we test CoFact on TriviaQA and NQ,
using LLaMA3-8B-Instruct as the base model. As shown in
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Model Method
Open-ended Generation MC Acc.

BLEURT (%) True (%) Info (%) True*Info (%) (%)

LLaMA2-7B-Chat

Base 47.68 49.39 90.22 44.56 32.03
+ DoLa 49.39 49.63 92.18 45.75 24.94
+ AD 49.39 50.37 91.44 46.06 30.32
+ ITI 48.90 48.17 89.49 43.11 30.81
+ NL_ITI 45.48 42.79 89.49 38.29 31.30
+ TruthFlow 57.95 59.41 92.42 54.91 34.47
+ CoFact 55.63+7.95 67.83+18.44 93.68+3.46 59.86+15.30 35.51+3.48

LLaMA2-13B-Chat

Base 56.23 56.23 93.89 52.79 28.12
+ DoLa 53.55 55.10 92.42 50.84 25.92
+ AD 53.55 55.26 91.93 50.80 28.36
+ ITI 50.12 51.29 91.93 47.43 27.14
+ NL_ITI 54.03 57.46 92.18 52.97 28.61
+ TruthFlow 57.46 58.68 92.18 54.09 34.23
+ CoFact 62.04+5.81 62.15+5.92 94.79+0.90 58.84+6.05 36.70+8.58

LLaMA3-8B-Instruct

Base 51.34 52.32 91.69 47.97 32.76
+ DoLa 52.08 55.50 91.69 50.89 25.18
+ AD 46.70 46.21 81.66 37.74 28.36
+ ITI 51.83 54.52 90.46 49.32 35.45
+ NL_ITI 55.26 54.52 90.71 49.46 36.19
+ TruthFlow 62.59 64.79 94.38 61.15 41.08
+ CoFact 63.93+12.59 65.13+12.81 95.68+3.99 62.56+14.59 44.41+11.65

Mistral-7B-Instruct-v0.2

Base 65.04 75.31 98.78 74.39 47.43
+ DoLa 62.35 73.84 98.53 72.75 36.19
+ AD 65.28 76.28 99.02 75.53 44.74
+ ITI 65.77 72.13 98.53 71.07 46.70
+ NL_ITI 64.55 72.37 98.04 70.95 44.74
+ TruthFlow 67.24 78.48 97.80 76.75 49.39
+ CoFact 69.14+4.10 79.07+3.76 98.82+0.04 77.26+2.87 49.66+2.23

Mistral-7B-Instruct-v0.3

Base 61.86 71.39 98.04 69.99 47.43
+ DoLa 63.81 72.37 98.04 70.95 37.41
+ AD 62.35 75.79 97.07 73.57 42.54
+ ITI 60.88 67.48 95.35 64.34 43.52
+ NL_ITI 60.88 66.99 97.07 65.03 43.77
+ TruthFlow 67.48 77.26 96.82 74.80 46.70
+ CoFact 69.91+8.05 77.34+5.95 97.31-0.73 75.18+5.19 46.95-0.48

Gemma2-9B-it

Base 62.35 64.30 90.71 58.33 35.21
+ DoLa 61.61 66.26 92.42 61.24 30.56
+ AD 62.35 66.01 89.00 58.75 32.76
+ ITI 63.81 66.50 92.42 61.46 36.43
+ NL_ITI 56.23 57.70 84.84 48.95 34.47
+ TruthFlow 68.95 76.53 95.84 73.35 44.01
+ CoFact 74.28+11.93 80.19+15.89 96.53+5.82 76.87+18.54 45.58+10.37

Table 1: Factuality results on TruthfulQA across different base models. For open-ended generation, we report BLEURT, True,
Info, and their composite (True*Info) as main metrics. MC Acc. refers to multiple-choice accuracy. Superscripts indicate the
relative improvement of CoFact over the Base method. Results for some baselines are obtained from Wang et al. 2025.

Table 2, CoFact achieves the highest factuality scores across
both datasets, reaching 65.31% on TriviaQA and 59.91% on
NQ, which are 1.29% and 2.13% higher than the base model,
respectively. For the composite True*Info metric, CoFact also
surpasses the base model by 1.35% on TriviaQA and 1.50%
on NQ, consistently outperforming all other baselines. Com-
pared to ITI, which exhibits noticeable degradation across
both datasets, CoFact demonstrates stronger robustness to
distributional shift. While TruthFlow performs competitively,

its gains remain smaller and less stable. These results confirm
that CoFact generalizes well across QA formats and main-
tains its effectiveness in promoting factual reliability across
different question types and knowledge domains. Notably,
all improvements are achieved without model fine-tuning or
external supervision, underscoring CoFact’s plug-and-play
flexibility. This suggests its potential for broader deployment
in real-world LLM applications facing open-domain and dy-
namic query distributions.
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Method Metric TriviaQA NQ

Base True 64.02 57.78
True*Info 55.43 50.36

ITI True 58.56 49.22
True*Info 46.85 38.07

TruthFlow True 64.90 58.01
True*Info 56.49 51.21

CoFact True 65.31+1.29 59.91+2.13

True*Info 56.78+1.35 51.86+1.50

Table 2: Generalization to TriviaQA and NQ with LLaMA3.
Superscripts indicate the relative improvement of CoFact
over the Base method.

Analyses
To deepen our understanding of CoFact’s effectiveness, we
analyze its influence on attention behavior. Specifically, we
examine: (1) The impact of activation modulation on factual-
ity. (2) The structural changes induced in attention patterns
across tokens and layers. (3) The robustness and necessity of
its core components. These analyses offer further insight into
CoFact’s mechanism and design.

Effect of Head Modulation on Factuality
We evaluate CoFact against three activation strategies on
TruthfulQA using LLaMA2-7B-Chat: the original model,
Uniform weighting (equal contribution from all heads), and
Top-k selection (activating the top 16 heads per layer).

Figure 3: TruthfulQA factuality results under different atten-
tion activation strategies using LLaMA2-7B-Chat. CoFact
achieves the best balance of True and Info.

As shown in Figure 3, CoFact achieves the best overall
performance, with a True*Info score of 59.86%, compared
to 44.56% for the original model, 42.01% for Uniform, and
50.82% for Top-k. While Uniform slightly improves truth-
fulness to 64.39%, it significantly reduces informativeness
to 67.28% due to indiscriminate aggregation. Top-k reduces
informativeness to 80.62%, and also has a lower truthfulness
score due to lack of adaptive flexibility. In contrast, CoFact
achieves both high truthfulness at 67.83% and informative-
ness at 93.68% by dynamically emphasizing informative

Figure 4: Token-level attention behavior under “What colors
do dogs see?”.

Figure 5: Pairwise similarity of attention heads in an interme-
diate layer during generation.

heads and suppressing redundant ones. These results con-
firm that context-aware coordination outperforms static or
uniform activation schemes in mitigating hallucinations.

Token-Level and Inter-Head Attention Analysis
To understand how CoFact reshapes attention behaviors dur-
ing generation, we conduct a fine-grained analysis on a rep-
resentative prompt “What colors do dogs see?”, using the
LLaMA2-7B-Chat model with and without CoFact. We ex-
amine both token-level activation dynamics and intra-layer
head interactions. Full generation outputs for this example
are provided in Appendix C (Example 2).

Token-Level Activation Behavior. Figure 4 visualizes head
activation dynamics in the final layer across generated tokens.
Figure 4(a) shows heatmaps of head activation strengths for
both the original model and CoFact, while Figure 4(b) plots
per-head activation trends for three key tokens: “red,” “blue,”
and “yellow.” In Figure 4(a), the original model displays uni-
formly low and homogeneous activations, with most heads
focusing weakly and similarly across tokens, reflecting re-
dundancy and lack of specialization. In contrast, CoFact pro-
duces more concentrated, token-specific activations, where
different heads respond distinctly to semantically informative
tokens such as “blue” and “yellow”. Figure 4(b) provides a
closer look at activation strength distributions across heads
for three color-related tokens. CoFact amplifies the response
of high-utility heads while suppressing inactive or redun-
dant ones, resulting in greater head-level differentiation and
clearer semantic attribution.
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Setting %True %Info %T*I
CoFact + Base 67.83 93.68 59.86
CoFact + Noisy Prefix 60.34 87.79 47.41
CoFact + Token Noise 65.44 89.67 54.52
CoFact + Gaussian Noise 66.07 90.63 55.08

Table 3: Robustness of CoFact under input and attention
perturbations (TruthfulQA, LLaMA2-7B-Chat, 50 samples).

Intra-Layer Head Redundancy. Figure 5 presents pairwise
cosine similarities between attention heads in an intermediate
layer when generating a representative token. The visual-
izations illustrate how attention is distributed across heads
within a layer, revealing critical insights into redundancy. In
the original model, head activations are highly similar, with
most pairwise cosine similarities exceeding 0.85. This re-
dundancy suggests limited functional diversity and excessive
focus overlap across heads, contributing to semantic ineffi-
ciency and hallucination risk. CoFact exhibits significantly
reduced inter-head similarity. Many attention head pairs show
moderate to low similarity, with values frequently below 0.75.
This pattern reflects CoFact’s ability to encourage specializa-
tion, promoting complementary attention flows that support
more nuanced and accurate generation.

Robustness to Attention Perturbation
We evaluate CoFact’s performance under three types of
inference-time perturbations, using the first 50 prompts from
TruthfulQA and LLaMA2-7B-Chat as the base model. Across
all scenarios, CoFact shows graceful degradation and consis-
tently outperforms the base model, demonstrating resilience
against both input- and attention-level perturbations. Table 3
summarizes the results.

Noisy Prompt Prefix. We prepend a misleading clause
“Some people believe the wrong answer to this question.” to
each input prompt. This setup introduces semantic ambiguity
and tests a model’s resistance to input-induced hallucination.
CoFact remains highly robust under this setting, achieving a
True score of 60.34% and an Info score of 87.79%, compara-
ble to the unperturbed baseline.

Random Token Replacement. We randomly replace each
token in the prompt with a probability of 0.1, simulating cor-
rupted input semantics. Despite the noise, CoFact achieves
65.44% True and 89.67% Info, with a True*Info score of
54.52%, indicating its ability to preserve core factual align-
ment under partial input corruption.

Gaussian Noise on Attention. We inject Gaussian noise into
the attention values to perturb the attention distribution. Co-
Fact demonstrates graceful degradation, maintaining 66.07%
True and 90.63% Info. This suggests that CoFact’s utility-
aware redistribution strategy provides inherent robustness by
down-weighting unstable or noisy attention heads.

Ablation Study
We conduct an ablation study by removing either the seman-
tic valuator or the conflict arbiter, two core components in
CoFact. The former estimates token-wise head utility, while

Model Variant %True %Info %T*I

LLaMA2-7B-Chat
w/o Re. 58.10 86.53 45.11
w/o U. 58.74 85.93 46.23
CoFact 67.83 93.68 59.86

LLaMA2-13B-Chat
w/o Re. 55.65 92.60 52.11
w/o U. 54.42 95.71 51.73
CoFact 62.15 94.79 58.84

LLaMA3-8B-Instruct
w/o Re. 60.45 91.21 54.02
w/o U. 61.20 92.97 52.76
CoFact 65.13 95.68 62.56

Mistral-v0.2
w/o Re. 72.22 94.82 66.51
w/o U. 71.59 95.31 67.04
CoFact 79.07 98.82 77.26

Mistral-v0.3
w/o Re. 69.05 90.56 65.59
w/o U. 73.81 92.19 67.10
CoFact 77.34 97.31 75.18

Gemma2-9B-it
w/o Re. 74.05 92.56 69.59
w/o U. 73.81 93.19 68.10
CoFact 80.19 96.53 76.87

Table 4: Ablation results of CoFact with core modules re-
moved. “w/o Re.” removes redundancy penalization; “w/o U.”
removes semantic utility scoring.

the latter penalizes inter-head redundancy. Table 4 presents
the results across six base models. Removing either module
consistently leads to performance degradation, particularly in
the composite Truth*Info metric. For example, on LLaMA2-
7B-Chat, disabling utility scoring or redundancy penalization
reduces the Truth*Info score from 59.86% to 46.23% and
45.11%, respectively. Similar trends hold across larger mod-
els: on LLaMA3-8B-Instruct, the composite score drops by
over 8% under either ablation, and on Mistral-v0.2, removing
any single module results in a 10% reduction. Even in models
where degradation is less pronounced (e.g., Mistral-v0.3 and
Gemma2-9B-it), the full CoFact configuration consistently
outperforms both ablated variants. The ablation confirms
that factual gains in CoFact arise from the synergy between
semantic discrimination and structured attention diversity.

Conclusion
In this work, we present CoFact, a plug-and-play inference-
time mechanism that enhances factual consistency in large
language models by dynamically coordinating attention head
behaviors. Grounded in cooperative game theory, CoFact
evaluates each head’s semantic utility and redundancy, and
reallocates attention without modifying model weights or
requiring additional training. Extensive experiments across
diverse model families and factuality benchmarks demon-
strate that CoFact consistently enhances factual accuracy
while maintaining fluency. Fine-grained analyses further re-
veal that CoFact improves token-level selectivity and reduces
redundant head activations, validating the effectiveness of
its utility-aware coordination strategy. To improve factual
grounding, we will extend CoFact by integrating retrieval-
based signals into the coordination mechanism.
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