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Abstract

Incorrect information poses significant chal-
lenges by disrupting content veracity and in-
tegrity, yet most detection approaches strug-
gle to jointly balance textual content verifi-
cation with external knowledge modification
under collapsed attention geometries. To ad-
dress this issue, we propose a dual-head reason-
ing framework, BiMind, which disentangles
content-internal reasoning from knowledge-
augmented reasoning. In BiMind, we introduce
three core innovations: (i) an attention geom-
etry adapter that reshapes attention logits via
token-conditioned offsets and mitigates atten-
tion collapse; (ii) a self-retrieval knowledge
mechanism, which constructs an in-domain
semantic memory through kNN retrieval and
injects retrieved neighbors via feature-wise lin-
ear modulation; (iii) the uncertainty-aware fu-
sion strategies, including entropy-gated fusion
and a trainable agreement head, stabilized by a
symmetric Kullback-Leibler agreement regular-
izer. To quantify the knowledge contributions,
we define a novel metric, Value-of-eXperience
(VoX), to measure instance-wise logit gains
from knowledge-augmented reasoning. Experi-
ment results on public datasets demonstrate that
our BiMind model outperforms advanced detec-
tion approaches and provides interpretable di-
agnostics on when and why knowledge matters.
Our BiMind model and the tested datasets are
available at https://github.com/cvzh/BiMind.

1 Introduction

Nowadays, with the rapid rise of social media plat-
forms, such as X (Twitter), Instagram, and TikTok,
an increasing number of individuals or communi-
ties rely on these online platforms for communi-
cation, information dissemination, and education,
especially during the pandemic (Tsao et al., 2021).
Though the conveniences brought by social media,

*Corresponding authors

Labubu vs. Lafufu: What are they?

Figure 1: Illustrative case of self-correction via knowl-
edge: without knowledge (left), the content-internal
head labels Lafufu (counterfeit Labubu) as Labubu; with
knowledge (right), the knowledge-augmented head cor-
rects the label as Lafufu.

the content correctness (i.e., factual accuracy and
alignment with verifiable evidence) of information
disseminated still falls short of media standards and
social expectations, compared to traditional media
platforms, e.g., television and newspapers (Shu
et al., 2017; Zhou and Zafarani, 2020). A large
volume of unverified or distorted content is eas-
ily produced and propagated through social media
platforms (Ahmed et al., 2022). Given that such in-
correct information (e.g., spam (Wang et al., 2016),
rumor (Bian et al., 2020), etc.) has significant neg-
ative impacts on individuals and society, such as
social trust and information credibility (Thorson
et al., 2010; Bhattarai et al., 2021; Mazzeo et al.,
2021; Lan et al., 2025), addressing incorrect in-
formation propagation has become crucial in the
areas of social media, mass communication, and
public health. Technically, automatic models are
developed to identify and detect the incorrect infor-
mation on social media platforms, thereby mitigat-
ing the social effects (Guo et al., 2020; Yang et al.,
2023; Shi et al., 2023).

While incorrect information detection methods
have achieved significant advances, these methods
still struggle with feature complexity, knowledge
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injection, and attention collapse. Specifically, prior
work focuses either on textual content features (e.g.,
linguistic features and contextual embeddings) or
on external knowledge (knowledge graphs and
retrieval-augmented generation), which integrates
all the feature streams into a classifier, without
any disentanglement between what is learned from
textual content and what is contributed by exter-
nal knowledge. As illustrated in Figure 1, without
knowledge inputs, the reader potentially accepts
the incorrect information (i.e., Lafufu) as correct
(i.e., Labubu) from the raw content; once the reader
obtains relevant knowledge, the information is iden-
tified as incorrect.

To uncover the interplay between content rea-
soning and knowledge reasoning, we propose a
new view: disentangling content reasoning from
knowledge reasoning in an explicit and structured
way. In this paper, we introduce a novel dual-head
model architecture, BiMind, for incorrect informa-
tion detection. Our model employs two separate
heads to explore content and knowledge features,
respectively, where the knowledge is retrieved from
an in-domain memory. This separation mechanism
allows us to measure, analyze, and apply the two
streams of features in a structured way. Technically,
our three contributions drive BiMind’s novelty:

* First, we introduce an attention geometry
adapter (AGA) that reshapes attention distribu-
tions at the pre-softmax logit level, stabilizing
text encoding by mitigating attention collapse.

» Second, we design a self-retrieval knowledge
module that encodes the training set into an
in-domain semantic memory and then injects
nearest-neighbor features via feature-wise lin-
ear modulation (FiLM).

* Third, we propose two uncertainty-aware fu-
sion strategies, i.e., entropy-gated fusion and
a trainable agreement head, where we adapt a
symmetric Kullback—Leibler (KL) regularizer
to ensure consistency between heads.

* Finally, we define a novel metric, Value-of-
eXperience (VoX), to quantify the contribu-
tions from external knowledge, improving
model interpretability.

Experimental results demonstrate that our model
enhances detection accuracy and interpretability,
especially when external knowledge contributes to
model predictions.

2 Related Work
2.1 Content-based Methods

Today, machine learning (ML) and natural lan-
guage processing methods (Kadhim, 2019; Su et al.,
2020) have emerged as advanced tools to classify
textual information in news articles into one or
more predefined classes, such as correct or incor-
rect. Traditional ML methods, such as support
vector machine, random forest, and decision tree,
are commonly used in news content classification;
however, these methods require hand-crafted fea-
tures and struggle with complex text features, thus
compromising performance (Minaee et al., 2021).

Along with neural networks being boosted, deep
learning frameworks have further enhanced the
classification performance by extracting complex
content features and capturing nuanced semantic
features, such as convolutional neural networks
(CNNs) (Kim, 2014; Wang, 2017; Kaliyar et al.,
2020), recurrent neural networks (RNNs) (Maet al.,
2016; Ruchansky et al., 2017), and long short-term
memory (LSTM) (Sachan et al., 2019; Ma et al.,
2020). Kaliyar et al. (Kaliyar et al., 2020) pro-
posed a deep CNN model for incorrect information
detection compared to classical CNN and LSTM
structures, where it explores pre-trained word em-
beddings and multiple hidden layers to extract text
features.

Additionally, attention networks integrated dif-
ferent features extracted from different latent as-
pects of news articles to improve detection accu-
racy (Yang et al., 2016; Linmei et al., 2019; Sun
and Lu, 2020; Yun et al., 2023). For example, a
hierarchical attention network (HAN) (Yang et al.,
2016) was proposed to capture hierarchical struc-
ture of documents and employ the word-level and
sentence-level attentions. To construct structured
graphs based on texts, graph convolutional net-
works (GCNs) (Yao et al., 2018; Haider Rizvi et al.,
2025) have been applied to textual content classifi-
cation tasks, which construct document-level and
corpus-level graphs to learn relationships among
words, documents, and corpus.

With the aid of pre-trained knowledge embed-
dings, the transformer-based models have advanced
the detection accuracy of incorrect information in
news articles (Croce et al., 2020; Kaliyar et al.,
2021; Xiong et al., 2021; Van Nooten and Daele-
mans, 2025). Combining the bidirectional encoder
representations from transformers (BERT) (Devlin
et al., 2019) with a CNN structure, Kaliyar et al.
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(Kaliyar et al., 2021) proposed a BERT-based incor-
rect information detection model, where it inputs
the BERT embeddings into one-dimensional CNN
layers and then detects incorrect information using
local features and global dependencies. Along with
the data structure and modality extending, multi-
modal approaches are proposed to handle more
intricate detection tasks for incorrect information
content across text, image, video, audio data, or
multiple languages (Conneau and Lample, 2019;
Abdali et al., 2024; Wu et al., 2024; Lu and Koehn,
2025). For instance, Wu et al. (Wu et al., 2024)
emphasized the substantive content over stylistic
features, using Large Language Models (LLMs) to
reframe news articles and focus on content veracity.
Though LLMs emerged with impressive capability
of processing multimodal features, LL.Ms still re-
quire a large volume of data to update the known
knowledge and maintain performance.

2.2 Knowledge-based Methods

Traditional detection methods focus on internal
content features and external fact-checking re-
sources to detect incorrect information (Vlachos
and Riedel, 2014; Hassan et al., 2015; Guo et al.,
2022). For instance, the fact-checking approaches
can identify and classify the texts by using the ex-
ternal knowledge sources to fact-check the news
content (Etzioni et al., 2008; Wu et al., 2014; Shi
and Weninger, 2016; Vo and Lee, 2018). But, these
fact-checking approaches are time-consuming and
demand human annotations, limiting the scalability
and efficiency.

For further exploiting the content and external
knowledge features to detect incorrect information,
the credibility-based knowledge methods (Popat,
2017; Zhang et al., 2018; Deng et al., 2025) were
proposed, which extract the source and content
credibility features to identify factual news from
non-credible ones, thereby enhancing model per-
formance.

To explore the user behavior, engagements, and
interactions on social media, the social relationship-
aware approaches (Ghenai and Mejova, 2018; Shu
et al., 2019; Dou et al., 2021; Teng et al., 2022)
were proposed, which can capture user relation-
ships, news content, and dissemination patterns to
improve detection accuracy. For instance, Shu et al.
(Shu et al., 2019) presented a tri-relationship-based
detection framework of incorrect information con-
tent, where it explores the tri-relationship among
publishers, news pieces, and users to differentiate

reliable and unreliable articles. Zhang et al. (Zhang
et al., 2024) explored the heterogeneous subgraph
transformer (HeteroSGT) to detect incorrect infor-
mation via the heterogeneous graph by unearthing
the relationships among news topics, entities, and
content.

To understand the propagation patterns of in-
correct information within social networks, the
network-based methods (Zhou and Zafarani, 2019)
were suggested, where these methods focus on the
interactions among spreaders and their influence on
information propagation. Maetal. (Maetal., 2018)
presented tree-structured recursive neural networks
to model the propagation pattern of tweets for de-
tecting rumors on social media. Typically, graph-
based approaches were proposed (Bian et al., 2020;
Fu et al., 2022) to explore the potential of graph
structure in modeling social context structures, in-
cluding knowledge-driven (Wang et al., 2018; Dun
et al., 2021), propagation-based (Zhu et al., 2024),
and context-aware approaches (Shang et al., 2024;
Li et al., 2025).

Another direction of incorrect information de-
tection approaches focuses on enhancing model
performance with knowledge generation. Retrieval-
augmented methods (Guu et al., 2020; Lewis et al.,
2020; Chen et al., 2026) apply nearest-neighbor re-
trieval into LLMs to improve factual reasoning.
Though achieving expected performance, these
methods are computationally intensive and entan-
gle retrieved knowledge with raw content in an
opaque way. In contrast, our model, BiMind, disen-
tangles content-internal reasoning from knowledge-
augmented reasoning using a single yet transparent
architecture. This separation strategy allows us to
explicitly quantify the value of external knowledge
through our proposed uncertainty-aware fusion and
VoX metric, which differentiates our model from
generic knowledge embedding frameworks.

3 Methodology

In this section, we introduce the fundamental frame-
work of our proposed BiMind model, as shown in
Figure 2. Here, we define the raw input text x; as an
internal information unit; all auxiliary information
beyond the raw content, such as that retrieved from
in-domain memory or linked to external resources,
is treated as external knowledge unit. Our objective
is to disentangle content-internal reasoning from
knowledge-augmented reasoning in a structured
way, and to provide interpretable diagnostics on
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Figure 2: An illustration of our proposed BiMind framework. (a) Dual-head architecture with a content-internal
head (top) and a knowledge-augmented head (bottom). (b) Attention geometry adapter reshapes pre-softmax
attention logits via token-conditioned offsets. (c) Self-retrieval knowledge module retrieves top-k neighbors and
injects knowledge via FiLM to provide knowledge-augmented representations. (d) Uncertainty-aware fusion
combines head logits via an entropy gating, with the VoX metric quantifying the knowledge contributions by
comparing head outcomes, where blue and green surfaces in the instance space represent the content and knowledge

reasoning heads, respectively.

when and why external knowledge contributes to in-
correct information detection. We present BiMind,
a dual-head model with five key ingredients: (1)
an attention geometry adapter (AGA) that reshapes
pre-softmax attention geometry; (2) a self-retrieval
knowledge module that constructs an in-domain
memory through kNN retrieval; (3) a FiLM-based
layer that injects retrieved external knowledge into
the text representations; (4) the uncertainty-aware
fusion strategies, including entropy-gated fusion
strategy and a trainable agreement head, restrained
by a symmetric KL regularizer; and (5) a VoX met-
ric that quantifies knowledge contributions. More
details can be found in the Appendix.

3.1 Problem Definitions

In this paper, we define the incorrect information
detection as assessing whether a given information
unit x; is correct, where 7 is the i-th piece of in-
formation. Our detection foundation is that x; is
correct if no detected incorrectness exists. There-
fore, the detection task is reframed as identifying

incorrect elements within z;. Formally, we define:

1 ifZ(x;) =@
0 otherwise

y(z:) = (1)
Here, z; represents title, sentence, article, or nar-
rative. Z(x;) is a set of incorrectness identified in
x;, such as linguistic elements (tokens or phrases),
representation elements (feature embeddings), or
knowledge elements (retrieved neighbors). y(z;)
denotes correctness, i.e., 1 (correct information) or
0 (incorrect information). For incorrect informa-
tion detection, we model it as a binary classification
function:

f@i) = y(xi) @)
using a set of labeled training textual data, i.e.,
Dirgin = {(xu y(ﬂﬁz))}lgl{ml 3)

y(z;) is the label of x;. | Dyin| is the total number
of information units in the training dataset. We aim
at learning the classification function:

f(xi;0) =y “4)

where g; € {0, 1} denotes the predicted label of z;
and @ is the learnable parameter vector.
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Figure 3: Illustration of the attention maps with (+) and
without AGA across shallow (Layer 0) and deep (Layer
9) layers. AGA induces a structured, token-conditioned
attention pattern at deeper layers, reshaping attention
distribution by injecting global, key-focused inductive
bias.

3.2 Attention Geometry Adapter

Let x; = (t1,t2,...,tr) be a tokenized text se-
quence. t; denotes the ¢-th token and L is the length
of the token sequence. Each token ¢; is mapped
to an embedding e; € R¢ through an embedding
matrix F, where d is the dimension of token em-
bedding:

E(mz) = [61,62,...,6L] ERLXd ®))
Instead of directly modifying token embeddings,
we introduce an AGA module that reshapes atten-
tion distributions at the pre-softmax logit level. It’s
a lightweight module that improves how the model
focuses on tokens using grammar rules. For each
token t;, we assign a token-level attribute vector
p; € {0, 1}Pros by using part-of-speech (POS) cat-
egories, where D, is the number of POS tags.
In our POS tag set, we set Dp,s = 5, including
VERB/AUX, NOUN, ADJ, ADV, and OTHER.
This representation provides an interpretable, low-
dimensional basis for conditioning attention geom-
etry, where attention geometry denotes the struc-
tural pattern of attention distributions across tokens,
beyond individual attention weights.

Then, the Transformer encoder projects token
embeddings E(z;) into queries, keys, and values
as in the standard self-attention. For each attention
head h, AGA computes token-conditioned logit oft-
sets A of query and key via lightweight multilayer
perceptrons (MLPs):

AD = f(p), AP =f(p) (6

where f,(-) and f(-) are two-layer MLPs. The
final pre-softmax attention logits are updated as:

~m gV TR (@ , A (k)
_ 7 J q
A7 = AV AD AP @)

~(h . .
where A; j) denotes the pre-softmax attention logit

between query token qgh) and key token kg.h) in at-
tention head h; d, is the dimension of the key vec-
tors; A;gz and Agk]) are token-conditioned offsets
for head h applied to the query and key logits, re-
spectively. Through Eq.(7), AGA adjusts attention
score by adding token-level biases before softmax.
More details are provided in the Appendix.

By injecting structured offsets, AGA reshapes
the attention distributions, increasing entropy and
mitigating attention collapse while leaving token
embeddings unchanged, as shown in Figure 3. The
attention outputs are then computed following stan-
dard multi-head attention and passed through the
subsequent layers of Transformer Tyca(+):

H; = Taca(E(z;)) € RF* (8)

in which H; is the sequence representation. Fi-
nally, we apply max-pooling to capture the most
salient features h in the sequence:

h = miax H, € RY ©)

3.3 Semantic Neighbor Retrieval

In this section, we construct an in-domain semantic
memory M = {mj, mg, ..., my} by encoding
all training information units with a pre-trained Sen-
tenceTransformer (Reimers and Gurevych, 2019),
then feeding knowledge vectors into backbone
models like LLaMA-7B (Touvron et al., 2023).
This memory serves as a lookup module that helps
model find similar examples. m; € R is the
embedding of one information unit, normalized
to unit length. d is the dimension of knowledge
embeddings, and NV is the number of training units
stored in M. For an input x;, we encode it as query
q € R% and compute cosine similarity s; between

q and m:
sji=q mj, j=1,....,N (10)

Next, we select the top-k neighbors with indices
N (x;) and aggregate:

1
’I’T’L:E Z mj.

(11
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To inject retrieved knowledge neighbors, we map
m into modulation parameters ~y;, and 3;:

V=W by, B =Wgin+bs (12)
Here, W, Wy € R?¥4s are projection matrices;
b, and bg are bias terms. Then, we apply FiLM lay-
ers (Perez et al., 2018) to produce the knowledge-
augmented representation hp:

hg=ho® (1+tanh(v,))+ 8,  (13)

where © is element-wise multiplication, and FilM
adaptively scales (1 + tanh(+y,)) and shifts (3;)
each dimension of h based on knowledge retrieved
from semantic memory.

3.4 Dual-head Prediction

Combining text representations with content fea-
tures ¢ € R%, we define two reasoning heads:
ZQZWO[h;C]+bo, ZE:WE[hE;C]-l-bE

(14)
where zy and zp € RE are the outputs of the
content-internal and knowledge-augmented reason-
ing heads, respectively. K is the number of labels.
Wo, Wi € Rx(d+de) are projection matrices;
by and by, are bias terms. Then, z, z are trans-
formed into probability distributions:

Yo = softmax(zp), Yp = softmax(zg) (15)

Yy 1s the prediction result from content-internal rea-
soning Heady, and it’s what model "believes" with-
out external knowledge. Head g reflects knowledge-
augmented reasoning and derives ¥y, and ¥ is
what model "believes" with knowledge. Together,
we can explore how knowledge affects predictions.

3.5 Uncertainty-aware Fusion Strategy

We fuse two predictions from Heady and Head g us-
ing an entropy-gated strategy and a trainable agree-
ment head, respectively. Using the entropy-gated
fusion strategy, we first compute entropy for each
head:

K
HY) =~ Uxlogy, (16)
k=1
where ¥ is the predicted probability distribution
produced by a reasoning head and y;, denotes the
probability of class k. Then, we formulate the gate
input vector u, and feed it into MLP gate:

g= U(Wgu + bg) S (0, 1) (17)

g is the fusion weight and o is the activation func-
tion. W, and b, are parameters of the MLP gate.
Finally, we fuse logits:

Y = softmax(zp)

(18)
where zp is the fused logits combining content-
internal and knowledge-augmented reasoning. ¥ 5
is the final prediction results. Therefore, if Headg
has high entropy (uncertainty), the gate shifts the
weight toward Head g, and vice versa. More details
can be found in the Appendix.

zp=g-z0+(1—g) zg,

3.6 Agreement Regularization

To stabilize training process, we enforce the agree-
ment between heads while preserving differences.
We define the symmetric KL regularizer as:

L8 = 3 [ D@ 193 + D@5 11987

(19)
where Eg’gree is agreement loss. DKL(@(@ I @%)) is
the KL divergence between distributions Q[()i) and
'g%). Based on the symmetric KL regularizer, our
training objective is:

1 & ) )
L= - Z [ECE(Z?&/(%')) + %ECE(Z((f),y(%))
=1
+ 3 Len(z), y(@:)) + A Ligree

(20)
where E(CZ])E is cross-entropy (CE) loss, and A is the
agreement loss weight. Through loss function £,
we encourage both heads to produce consistent pre-
dictions while maintaining their distinct reasoning.

3.7 Value-of-eXperience Metric

To measure knowledge contributions, we define
VoX at the instance level. Terminologically, we
refer to the retrieved knowledge as "experience"
in our framework, to clarify its role as external
evidence augmenting content-internal predictions.
Given the correctness label y(z;), VoX is:

VoX(zi) = zply(zi)] — zo[y(zs)]. 2D

Our interpretations are summarized as follows:

» VoX(x;) > 0: knowledge increases predic-
tion confidence in correct class.

* VoX(z;) < 0: knowledge decreases predic-
tion confidence, suggesting potential noise.
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* VoX(x;) ~ 0: knowledge has little effect.

Unlike accuracy or F1 score, VoX highlights when
and why knowledge matters and provides inter-
pretable diagnostics on knowledge augmentation.

4 Experiments

In this section, we conducted extensive experiments
on four datasets collected from real-world scenar-
ios, and experimental results demonstrate that our
model has superior performance and efficiency to
most tested models. We first introduced the experi-
mental setup, including the datasets, tested models,
and experimental settings. Then, we reported the
experiment results and VoX values, and then ana-
lyzed these results for further exploration. Further-
more, the ablation study shows the modules con-
tributing to the performance improvement. More
details are provided in the Appendix.

4.1 Experimental Setup

Datasets. For conducting extensive experiments,
we used four datasets to broadly test our model and
other advanced models, including health datasets
(MM COVID (Li et al., 2020) and RoCOVery
(Zhou et al., 2020)), news content dataset (LIAR
(Wang, 2017)), and a multi-domain dataset (MC
Fake (Min et al., 2022)).

Experimental Models. To fairly perform the
comparison experiments, we compared our pro-
posed BiMind model with five models, which in-
clude a CNN-based model (Kim, 2014), a GCN-
based model (Yao et al., 2018), HAN (Yang et al.,
2016), BERT (Devlin et al., 2019), and HeteroSGT
(Zhang et al., 2024).

4.2 Experiment Settings

For training and testing our proposed model, we
split all the datasets into train, validation, and test
datasets using a ratio of 80%, 10%, and 10%, re-
spectively. To validate the generalizability of tested
methods, we performed 10 rounds of tests with
random seeds for each model and then recorded
the average results and standard deviation. Here,
all the experiments were conducted on 1 NVIDIA
A100 GPU with 40 GB RAM. We quantitatively
evaluated our model’s performance compared to
the other five tested models, using classification
metrics such as accuracy (Acc), Macro-precision
(Pre), Macro-F1 (F1), and Macro-recall (Rec).

4.3 Experimental Results

In Table 1, we reported the experimental results
of all the tested models across the four datasets.
From Table 1, one can see that our model achieves
superior performance across all the metrics on the
MM COVID, LIAR, and ReCOVery datasets, and
suboptimal performance on the dataset MC Fake. It
shows that our modules can improve the model per-
formance and have a significant impact on detect-
ing incorrect information. Additionally, we can see
that our model achieves higher recall values on all
four datasets, typically on the MM COVID, LIAR,
and ReCOVery datasets. A higher recall value in-
dicates that less incorrect information is missed.
Furthermore, it should be noted that our model
has robust and consistent performance across all
the datasets, compared with other tested models.
Though HeteroSGT achieves the optimal results,
such as Rec and F1 on MC Fake due to its subgraph
structure, it still drops performance by 19.1% on
Acc and 19.1% on Pre, 5.2% on Acc and 5.7% on
Pre, respectively, compared to our proposed model
on ReCOVery and LIAR datasets. More details are
provided in the Appendix.

4.4 Case Study

As illustrated in Table 2, the performance of Bi-
Mind varies across benchmark datasets due to the
gate routes between Heady and Head. On datasets
ReCOVery (40.47 / 84.24% VoX, ~0.04 Gate) and
MM COVID (40.97 / 83.29% VoX, ~0.03 Gate),
the gate leans strongly towards Headp because
the retrieved knowledge positively aligned with
ground-truth labels. On MC Fake (—0.08 / 39.91%
VoX, ~0.22 Gate), the fusion has partial reliance
on knowledge and generates mixed results, which
improve minority-class recall but introduce noise.
In contrast, on LIAR (40.07 / 60.56% VoX, ~0.19
Gate), we can see that when external knowledge is
noisy, it leads fusion to weaken the predictions with
a significant drop in F1 (58.78 — 47.30), highlight-
ing that low gate values are not always effective and
thus must be interpreted in the context of knowl-
edge integrity and veracity. Additional analysis can
be found in the Appendix.

4.5 Ablation Study

We conducted an ablation study on the ReCOVery
dataset to evaluate the performance of four core
modules in our model: AGA, self-retrieved knowl-
edge module via FiLM, fusion strategies (entropy-
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Dataset | CNN | GCN | BERT | HAN | HeteroSGT | BiMind
| Acc Pre | Acc Pre | Acc Pre | Acc Pre | Acc Pre | Acc Pre
MM COVID|0.582+0.035 0.478+0.170[0.717+0.156 0.735+0.236|0.730+0.093 0.727+0.094|0.855+0.005 0.854+0.005|0.915+0.009 0.905+0.011|0.951+0.008 0.950+0.011
ReCOVery [0.658+0.011 0.460+0.104|0.718+0.037 0.691+0.178|0.682+0.030 0.441+0.213|0.722+0.021 0.462+0.197|0.727+0.023 0.731£0.047|0.918+0.013 0.922+0.013
MC Fake 0.825+0.001 0.544+0.156{0.724+0.138 0.516+0.169|0.827+0.006 0.713+0.2710.825+0.005 0.463+0.0980.883+0.002 0.812+0.003|0.887+0.005 0.827+0.006
LIAR 0.546+0.019 0.432+0.181]0.487+0.039 0.493+0.047(0.537+0.007 0.513£0.017(0.546+0.025 0.493+0.036|0.581+0.002 0.580+0.003|0.633+0.001 0.637+0.002
Dataset | Rec F1 | Rec F1 | Rec F1 | Rec F1 | Rec F1 | Rec F1
MM COVID|0.547+0.039 0.474+0.101]0.685+0.178 0.621+0.184|0.722+0.101 0.720+0.103|0.854+0.006 0.853+0.005|0.883+0.013 0.893+0.011|0.951+0.009 0.951+0.008
ReCOVery |0.501£0.020 0.422£0.107|0.609+0.102 0.516£0.021|0.722+0.081 0.416£0.032|0.506+0.002 0.457+0.013]0.585£0.036 0.571+0.049(0.91820.013 0.919+0.013
MC Fake 0.501+0.002 0.455+0.004(0.552+0.169 0.470+0.039|0.502+0.001 0.451+0.002{0.500+0.004 0.453+0.001|0.762+0.002 0.783+0.003|0.700+0.099 0.738+0.109
LIAR 0.502+0.005 0.377+0.049]0.494+0.029 0.423+0.055|0.510+0.012 0.483+0.014(0.502+0.018 0.445+0.053|0.575+0.002 0.571+0.003 |0.636+0.003 0.633+0.002
Table 1: Detection performance on four datasets (best in red, second-best in blue).
Dataset Head/Mode Acc F1 Pre Rec VoX (mean / pos%) Gate Mean (% <0.3/ %>0.7)
Head, 85.22 85.15 85.10 85.22 - -
ReCOVery Headp 87.19 86.93 86.98 87.19 +0.47 / 84.24% 0.04 (100.00% / 0.00%)
Fused 87.19 86.93 86.98 87.19 - 0.04 (100.00% / 0.00%)
Head, 86.50 84.85 84.79 86.50 - -
MC Fake Headp 87.35 86.90 86.63 87.35 -0.08 /39.91% 0.22 (81.24% / 0.00%)
Fused 87.42 86.82 86.52 87.42 - 0.22 (81.24% / 0.00%)
Head, 81.70 81.78 82.13 81.70 - -
MM COVID Headp 90.45 90.51 91.18 90.45 +0.97 / 83.29% 0.03 (100.00% / 0.00%)
Fused 90.72 90.77 91.38 90.72 - 0.03 (100.00% / 0.00%)
Head, 59.90 58.78 59.66 59.90 — —
LIAR Headp 57.70 47.30 66.32 57.70 +0.07 / 60.56% 0.19 (100.00% / 0.00%)
Fused 58.29 48.66 66.51 58.29 - 0.19 (100.00% / 0.00%)

Table 2: Cross-dataset VoX results. We report mean VoX value and percentage of samples with positive gain (pos%);
we also show mean gate value and routing mass below/above thresholds, with % <0.3 indicating the gate leaned
strongly toward knowledge head Head g, and %>0.7 indicating it leaned strongly toward content head Heady.

Model Variant ‘ Acc ‘ Pre ‘ Rec ‘ F1

Full BiMind model (w/ knowledge) | 0.897 | 0.895 | 0.897 | 0.895
Baseline (content w/o knowledge) 0.852 | 0.849 | 0.852 | 0.848
— Attention geometry adapter 0.872 | 0.870 | 0.872 | 0.870
— Knowledge retrieval 0.847 | 0.847 | 0.847 | 0.847
— Gated fusion 0.862 | 0.861 | 0.862 | 0.861
— Trainable agreement head 0.867 | 0.868 | 0.867 | 0.867
— Symmetric KL Regularizer 0.872 | 0.881 | 0.872 | 0.874

Table 3: Ablation study on ReCOVery dataset. One mod-
ule is removed at a time from the full BiMind model.

gated scheme and trainable agreement head), and
symmetric KL regularizer. From Table 3, we can
see that the BiMind model, with all these four mod-
ules, achieved the best performance, i.e., Acc of
0.897, Pre of 0.895, Rec of 0.897, and F1 score of
0.895. More results can be found in the Appendix.

5 Limitations

Though our proposed BiMind framework has supe-
rior performance in the incorrect information detec-
tion task by integrating textual and knowledge fea-
tures, several limitations remain. First, AGA condi-
tions attention geometry on token-level attributes,
which might be less efficient for inputs with lim-
ited salient lexical signals. Secondly, BiMind does

not incorporate social credibility or propagation
patterns into the detection pipeline. Then, when
the detection model has prediction errors, it might
weaken the correct information flow. Finally, with
the growing prevalence of multimodal information
on social media platforms, incorrect information is
not limited to textual content but involves images,
videos, and audio. Therefore, multimodal incorrect
information detection has become a critical chal-
lenge. BiMind can be extended to a multimodal
reasoning framework by the disentanglement prin-
ciple: one head focuses on content-internal textual
reasoning, and another head encodes visual signal,
followed by uncertainty-aware fusion to calibrate
their contributions.

6 Conclusion

Incorrect information significantly disrupts content
quality and integrity on social media platforms, and
therefore, it’s increasingly important to develop de-
tection models that are efficient and interpretable.
Compared to most detection approaches that blend
textual content and external knowledge, we pro-
posed BiMind, a dual-head framework that explic-
itly disentangles content-internal reasoning from
knowledge-augmented reasoning for incorrect in-
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formation detection. In this work, we first designed
an attention geometry adapter that reshapes atten-
tion distributions to prevent attention collapse. Sec-
ondly, an in-memory semantic knowledge base was
constructed to retrieve and encode external knowl-
edge features through the FiLM layer. Then, we
introduced two uncertainty-aware fusion strategies,
including an entropy-gated strategy and a train-
able agreement head, regularized by a symmetric
KL regularizer. Finally, the VoX metric was de-
fined, which quantifies the knowledge contribu-
tions, providing interpretable diagnostics at the in-
stance level on when and why knowledge impacts
detection. Experimental results across benchmark
datasets show that BiMind achieves competitive
performance while providing interpretable insights
on knowledge injections.
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A Methodology Details

Pipeline Overview. Given an input x;, BiMind
first encodes the text via a Transformer encoder
with an AGA module to produce a text representa-
tion h from the content itself. In parallel, BiMind
retrieves top-k semantically similar examples from
an in-domain memory bank and injects them into h
through FiLM to form a knowledge-augmented rep-
resentation h . The two heads then perform sepa-
rate predictions and generate z( and z g, where the
fusion weight g is computed using an uncertainty-
aware fusion strategy and zg and z g are combined
into the final prediction z . Finally, we quantify
how much the retrieved knowledge helps by using
the VoX metric.

Here, we chose these POS categories based on
empirical patterns observed in our preliminary anal-
ysis, which show that certain word types, such as
adjectives and pronouns, provide strong discrimina-
tive signals. Beyond improving accuracy, our AGA
design makes the model’s attention behavior more
stable and interpretable by grounding it in linguis-
tic patterns. A universal POS tagging framework is
adopted, and the formulation is language-agnostic,
with only the tagging tool needing to be adapted
for different languages.

AGA. In the AGA module, a learnable per-head
temperature 7y, is applied before softmax to normal-

(h)

ize the logits and produce attention weights a; :
~ ()

(h) _ softmax; YR (22)

Qg ™

Each head output is then computed as a weighted

sum ol(-h) of values vgh) :

L
o =3"al o\ (23)
j=1

and the final output of multi-head attention (MHA)
is:
MHA(E(x;)) = Concat (ogl), ...,0
(24)
where H is the number of attention heads in MHA
and W, is the weight matrix.

Entropy-gated Fusion. Uncertainty-aware fu-
sion strategy is a weighting strategy that generates
the final prediction based on the model’s entropy.
A higher entropy indicates the prediction is less

confident. Here, we formulate the gate input vector
u as:

w=[h;hg; 1Y) H(Yp)]

where H(y,), H(y ) are the entropy of Heady and
Headpg.

Trainable Agreement Head. In the trainable
agreement head scheme, we combine two streams
of features from both heads and add a new classifier
to learn how to jointly leverage them, instead of
directly fusing predictions. To construct agreement
features, we combine:

(25)

¢ hidden states h and h g,
* elementwise interaction (h © hg),
* and absolute difference (|h — hpg|).

Formally, the agreement feature vector is defined
as:

¢agree = [h'7 h'E7 thEv |h_hE|] (26)

Then, the agreement features are fed into the MLP
layers:

ZA € RK,

27)
where z 4 is agreement logits. W1, W and by, ba
are learnable parameters. Finally, the agreement
head outputs predictions as:

za =Wy U(W1¢agree +b1) + ba,

Yy 4 = softmax(z4). (28)

Here, y 4 is the "agreement head" prediction, which
learns to explore the consistency and discrepancy
between the two reasoning heads.

B Experimental Model

Model Configuration. Our detection pipeline em-
ploys a BiMind design, which effectively integrates
textual and knowledge features. Each input token
is represented by a 128-dimensional embedding
vector. The maximum sequence length is 5000. In
the transformer-based classifier module, our model
consists of 2 stacked transformer encoder layers
with a multi-head attention scheme (i.e., 16 atten-
tion heads), producing pooled text representations.
This custom 2-layer transformer encoder is trained
from scratch as the backbone for content-internal
prediction heads. Unlike our LLM variants, this
architecture does not use pretrained models, and it
encodes text only and learns task-specific represen-
tations end-to-end.
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Then, we construct two heads: a content-internal
head that incorporates the text representations with
the AGA module, and an external knowledge head
that injects the knowledge vectors via FiILM be-
fore MLP. Here, we set k to 3 in the knowledge
retrieval module, based on SentenceTransformer
(Reimers and Gurevych, 2019). In the feature fu-
sion function, we set the entropy-gated strategy as
the default, where other options include a train-
able agreement head, standard logit average, and
product-of-experts. For the two heads, we employ
ReLU as an activation function and set dropout reg-
ularization to 0.3, where both heads are trained with
CE loss and a symmetric-KL agreement regular-
izer. To handle the class imbalance issue, we adopt
class-balanced weights on the CE loss. The final
output layer with a softmax function is designed
to provide the probability distribution indicating
the likelihood of the content being labeled 1 (i.e.,
correct information) or O (i.e., incorrect informa-
tion). Here, we use Adam optimizer with learning
rate 1 x 107 and batch size 64 to train our model,
where we employ the mixed-precision training, gra-
dient clipping, and early-stopping (patience = 3) to
tune the hyperparameters.

Experimental Models. In the experiment setup,
we compared our BiMind model with five tested
models, including CNN-based model (Kim, 2014),
GCN-based model (Yao et al., 2018), HAN (Yang
et al., 2016), BERT (Devlin et al., 2019), and Het-
eroSGT (Zhang et al., 2024). Technically, the
CNN-based model employs CNN layers to ex-
tract text features from article content and then
uses the extracted features to detect incorrect in-
formation. The GCN-based model explores the
weighted graph built on news articles, which uses
a GCN for identifying incorrect information. HAN
applies word-level and sentence-level features in
news content for incorrect information detection.
Here, BERT is a transformer-based model, similar
to our transformer-based classifier. HeteroSGT ex-
plores the heterogeneous subgraph transformer to
classify articles via the heterogeneous graph.

Model Parameters. In the main body of this
paper, we used the LLaMA-7B model as the back-
bone. We reported both total and trainable param-
eters for all models we tested and compared the
SentenceTransformer-based baseline model against
several LLMs:

* Small/Medium models (110M-184M parame-
ters): BERT, RoBERTa, and DeBERTa .

Model Model Size Trainable Params Ratio
BiMind-Custom (Tiny) 3.5M 3.5M 100%
BiMind-RoBERTa (Medium) 125M 3.3M 2.6%
BiMind-LLaMA (Large) 7B 44 .4M <1%

Table 4: Parameter efficiency across BiMind variants.

* Large model (7B parameters): LLaMA-7B.

Detailed results are provided in Appendix Tables 9
and 10. To demonstrate model scalability, we de-
signed three versions of BiMind, as shown in Ta-
ble 4. In this work, we can see that BiMind has
good performance, not just due to the model size.
Our results show:

* Model efficiency: BiMind outperforms full-
sized models like BERT even though it has far
fewer parameters that need training.

* Performance consistency: Our system shows
performance improvements whether we use a
small, medium, or large model as the base.

To find the best settings for both the standard Bi-
Mind and the LLM-based BiMind, we use Optuna
to test a set of different hyperparameter settings
and keep random seeds fixed for reproducibility,
such as:

* For the standard BiMind: We test different
model structures, including: how many layers
and heads, learning rate, and dropout.

¢ For the LLM-based BiMind: Since the LLM
is frozen, we focus on tuning the parts we
added, such as the AGA module.

To ensure our comparison between models is fair,
we follow these rules:

* Training setup: Every model is evaluated us-
ing the same data split strategy and learning
objectives.

* No peeking: We never look at the final test
results when picking the best settings.

C Dataset Statistics

Here, we present the statistics of the datasets we
used, listed in Table 5.

Dataset-level Knowledge Impact Analysis. We
conducted a comprehensive statistical analysis of
knowledge impact across these datasets, as shown
in Table 6. Based on these datasets, we observed
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Dataset #Label 0 #Labell #Total Avg. Length (words)
MM COVID 1,888 1,162 3,048 25
RoCOVery 605 1,294 1,899 500
LIAR 2,507 2,053 4,560 17
MC Fake 2,671 12,621 15,292 300

Table 5: Statistics of the datasets used in our experi-
ments.

substantial but different levels of vocabulary align-
ment between test instances and the knowledge
bank (ranging from 75.60% to 81.68%), showing
that retrieved knowledge is largely in-domain. But,
retrieval relevance and its effects differ significantly.
LIAR presents the lowest retrieval similarity (mean
0.6077), indicating weaker semantic alignment be-
tween its short claims and retrieved knowledge,
which limits the efficiency of knowledge injection.
In addition, MM COVID shows moderate similar-
ity (mean 0.6870) with higher variance, revealing
that knowledge retrieval is more sensitive and selec-
tive: for short and noisy social media posts, knowl-
edge injection yields large positive VoX gains when
relevant knowledge is retrieved.

In contrast, MC Fake and ReCOVery both ex-
hibit consistently high retrieval similarity (means
0.7751 and 0.7567, respectively), suggesting that
retrieval quality is not the primary bottleneck. In-
stead, linguistic complexity is the dominant fac-
tor: retrieved knowledge in these datasets presents
extremely low Flesch Reading Ease scores, and
knowledge impact varies primarily with how such
dense content is integrated rather than how relevant
it is. In summary, these statistical results illustrate
a spectrum of knowledge integration regimes, rang-
ing from knowledge-limited (LIAR), to retrieval-
sensitive (MM COVID), and finally to complexity-
dominated settings (MC Fake, ReCOVery), moti-
vating adaptive and uncertainty-aware mechanisms
for mediating the impact of external knowledge.

D Data Leakage

In our pipeline, we implemented several methods
to avoid the data leakage issues, such as:

 Data split: We follow the official splits for all
the datasets, such as a standard 80/10/10 split
and 10-run averaging for evaluation.

* Knowledge base construction: The knowledge
base is only constructed from training data.
It never has access to the test set during the
retrieval process.

* Knowledge dropout (0.3): We train the model
to predict outputs even when knowledge is
unreliable or absent.

* Uncertainty-aware fusion: When knowledge
head has high entropy (uncertainty), the gate
shifts weight toward the content head.

Additionally, we conducted additional experi-
ments, including duplicate check, cheating test, and
leakage-aware experiment. The results are summa-
rized as below:

* Duplicate check: We removed near-duplicate
training samples using cosine similarity >
0.85, filtering out 178/1643 samples (10.83%).
But, the train-test similarity is still significant
(mean 0.71, 22.1% > 0.80), showing potential
leakage risk.

Cheating test: When test samples are included
in the knowledge base, retrieval becomes per-
fect (top-1 similarity = 1.0, 100% > 0.95).
A KNN method explores the leakage and im-
proves from 78.82% to 89.66% (+10.84%),
while our full model is unchanged (90.15%
— 90.15%), showing it does not use leakage.

* Leakage-aware experiment: Full model per-
formance is stable across different setups:

— Setup A (deduplicated knowledge base):
90.15%

— Setup B (external Wikipedia): 90.64%
— Setup C (leakage baseline): 90.15%

In contrast, KNN model shows A ~ 78.82%
< C =~ 89.66%, confirming that leakage is de-
tectable but not utilized by our model.

Empirical Results. From the results in Table 7,
we can see that the fusion mechanism significantly
mitigates negative transfer, where fused perfor-
mance exceeds both individual heads. From our
analysis in Table 8, we observed: If data leakage
existed, we would expect >50% "Helps" cases (i.e.,
the model simply retrieving answers). The 15% im-
provement aligns with semantic knowledge trans-
fer, not memorization. In addition, we measured
retrieval similarity, and if the model is cheating or
memorizing answers, we would see very high sim-
ilarity scores (i.e., near 1.0). Instead, our results
show:
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Dataset Vocab Alignment (%) Max Sim. Mean Sim. Flesch (helps)
LIAR 76.55 0.6603+0.0924 0.6077+0.0843 37.94
MM COVID 75.60 0.7586+0.1228 0.6870+0.1082 31.68

MC Fake 79.91 0.8176+0.1084 0.7751+0.1082 -280.47
ReCOVery 81.68 0.8056+0.1071 0.7567+0.1026 -585.00

Table 6: Statistical comparison of knowledge attributes across datasets. Vocabulary alignment measures lexical
intersection between inputs and the knowledge base. Retrieval relevance is reported as cosine similarity (mean +
std). Flesch Reading Ease for the helps category reflects the linguistic complexity of retrieved knowledge.

* Low similarity: The average similarity be-
tween what the model finds and what it’s
searching is quite low (around 0.52), show-
ing that it is finding related ideas, not exact
copies.

* Mixed results: Though the retrieved informa-
tion helps the model 15% of the time, it actu-
ally confuses the model 8% of the time. If the
model were "leaking" the correct answers, it
would be right almost 100% of the time.

Metric Content Head Knowledge Head Fused
Accuracy 68.2% 61.5% (-6.7%) 70.1% (+1.9%)
F1-Score 0.65 0.58 0.68

Table 7: Empirical results on fusion strategy.

Knowledge Impact % of Test Set Interpretation

Helps (wrong — correct) ~15%
Hurts (correct — wrong) ~8%
Neutral / Both Wrong ~T77%

Genuine knowledge benefit
Knowledge introduces noise
No leaked advantage

Table 8: Knowledge impact on data leakage.

For future work, we plan to design and evalu-
ate other knowledge filtering mechanisms, such as
confidence-based knowledge injection or learning
a classifier to predict whether retrieval knowledge
will help.

E Experimental Results

For the five comparison models, CNN has poor per-
formance on all the datasets, which may result from
its fixed convolutional kernels. Due to these kernels
focusing on local features, the global features or
dependencies might not be effectively explored in
news articles and social contexts. GCN presents dif-
ferent results across multiple datasets and receives
better detection accuracy on the MC Fake dataset.
In addition, HAN and BERT are transformer-based
models with attention mechanisms, and thus, the
performance is comparable between them. Though

HeteroSGT achieves optimal results, such as Rec
and F1 on MC Fake due to its subgraph structure,
it still drops performance by 19.1% on Acc and
19.1% on Pre, 5.2% on Acc and 5.7% on Pre, re-
spectively, compared to our proposed model on
ReCOVery and LIAR datasets. Typically, on the
LIAR dataset, our model achieves consistent perfor-
mance across seeds, with a low standard deviation
(£0.001).

Extended Experiments. Here, we extended the
dual-head design to other LLMs, i.e., ROBERTa
(Liu et al., 2019) and DeBERTa (He et al., 2020).
From Table 9, we can see that separating content-
internal reasoning (Headg) from the knowledge-
augmented reasoning (Headg) shows significant
dataset-relevant behavior. On knowledge-aligned
datasets, like ReCOVery and MM COVID, Headg
consistently improves recall and F1 score, sug-
gesting that external knowledge provides comple-
mentary contextual signals beyond textual con-
tent alone. In contrast, on the LIAR dataset
with short claims and weak retrieval alignment,
Headg is not generally helpful, supporting our
motivation to disentangle content inference from
knowledge-based reasoning rather than enforcing
unconditional knowledge injection. Additionally,
the uncertainty-aware fusion strategy achieves ei-
ther the best or second-best performance across
models and datasets. Notably, it reduces variance
and receives gains when one head performs poorly,
especially on the LIAR dataset. These results vali-
date our design choice to treat knowledge as an aux-
iliary, selectively trusted signal, with a fusion strat-
egy adapting to instance-level uncertainty rather
than relying on static feature concatenation alone.

Together, these results demonstrate that the effec-
tive and reliable knowledge injection (i) conditions
on data-inherent attributes, including vocabulary
alignment, retrieval relevance, and sample-level lin-
guistic complexity, and (ii) requires a principled
fusion mechanism with uncertainty and agreement
measurement.
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Model Dataset Head/Mode Acc F1 Pre Rec
Heado 91.13+234 91.03£259 91.35+232 91.13+£2.34
ReCOVery Headg 91.04 £ 1.18 91.09+1.21 91.53+144 91.04+1.18
Fused 91.82 +1.29 91.86 +1.27 92.20 +1.26 91.82 + 1.29
Heado 94.69 + 1.01 9470 £1.01 9446+145 94.67£0.99
LLaMA-7B MM COVID  Headg 94.80+0.77 9481 +£0.76 9448+ 121 94.61 £0.64
Fused 9512+ 0.78 95.12+£0.78 9498 +1.06 95.08 + 0.86
Headg 63.26 +0.13 6326 =0.19 63.70+0.20 63.60 £ 0.30
LIAR Headg 62.70 £ 041 62.42+0.53 64.00+0.20 63.60 £ 0.30
Fused 62.93+029 6289+0.29 63.80+020 63.70 £ 0.20
Heado 81.384+295 81.64+271 8385+180 81.38+2.70
ReCOVery Headg 8572 £143 85924125 8639+130 8532+1.30
Fused 85.81 +1.27 8594 +1.16 8642+ 120 8581+ 0.90
Heado 93.00+ 123 9298 £1.24 93.07+1.20 92.73 £1.40
DeBERTa-v3 MM COVID  Headg 94.59 + 1.05 9459 £1.05 9447 +1.20 94.56 £+ 1.00
Fused 9453 £ 1.09 9454 +1.08 9443 +1.30 9447+1.10
Heado 59.75+0.89 59.14+121 61.70+0.50 60.80 £ 0.50
LIAR Headg 62.05+0.77 62.02+0.94 62.50+0.50 62.50 £+ 0.60
Fused 6191 +0.78 61.87+£1.00 62.50+0.50 62.40 £ 0.60
Heado 81.28+296 81.67+2.60 80.36+220 82.84+1.74
ReCOVery Headg 84.53 £2.10 84.71+£2.19 8397+1.16 8576 +0.74
Fused 8493 +245 85.12+254 8392+1.76 86.13 £+ 1.06
Heado 91.87+ 123 91.88+1.23 9225+144 91.87+£1.23
RoBERTa MM COVID  Headg 9449 + 0.26 9449 £0.27 9459 +0.26 94.49 £+ 0.26
Fused 9421 +044 9422 +044 9440+ 0.55 9421+0.44
Headg 61.18+0.77 6083 £0.83 62.37+0.17 6191 £0.25
LIAR Headg 61.88 +0.63 61.84 £0.73 62.71 +£0.25 62.55+0.34
Fused 61.83 £0.66 61.68+0.78 62.67+0.29 6247 £0.41

Table 9: Extended performance comparison (mean =+ std, in %, across 10 runs, best in bold).

Dataset Model Acc Pre Rec F1 Training Testing Graph
MM COVID HeteroSGT | 0.915+0.009 0.905+0.011 0.883+0.013 0.893+0.011 | 55.11 - 13.62
BiMind 0.902+0.116 0.902+0.110 0.898+0.142 0.900+0.132 | 15.19 0.08 -
ReCOVer HeteroSGT | 0.727+0.023 0.731+0.047 0.585+0.036 0.571+£0.049 | 21.94 - 9.03
Y BiMind 0.879+0.017 0.862+0.028 0.843+0.203 0.854+0.208 | 14.99 0.10 -
MC Fake HeteroSGT | 0.883+0.002 0.812+0.003 0.762+0.002 0.783+0.003 | 478.53 - 40.04
BiMind 0.887+0.051 0.827+£0.016 0.700+0.099 0.798+0.109 | 153.01 0.45 -
LIAR HeteroSGT | 0.581+0.002 0.580+0.003 0.575+0.002 0.571+0.003 | 116.22 - 14.48
BiMind 0.605+0.041 0.601+0.045 0.595+0.037 0.595+0.037 | 73.51 0.52 -

Table 10: Performance and runtime comparison between BiMind and HeteroSGT across four benchmark datasets.
Performance is reported as mean =+ std. Runtime is measured in seconds per run.

F Ablation Study

0.870), showing the importance of reshaping atten-
tion logits to prevent attention collapse. Without

When removing the AGA, it leads to a significant ~ the knowledge retrieval function, it also reduces
drop in accuracy (0.897 — 0.872) and F1 (0.895 —  the performance, such as a larger drop in accuracy
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and recall (0.897 — 0.847), indicating the signifi-
cance of semantic knowledge neighbors in ground-
ing short or ambiguous content. Additionally, re-
placing the uncertainty-aware fusions with a simple
logit average, it causes performance degradation
in F1 (0.895 — 0.861 or 0.867), showing that our
fusion strategies help the model adaptively trust
knowledge-augmented predictions when content-
internal predictions are uncertain. Finally, remov-
ing the symmetric KL regularizer, it reduces F1
from 0.895 to 0.874, demonstrating that agreement
between heads stabilizes training and improves pre-
dictions.

In conclusion, ablation results show that each
component contributes complementary benefits:
content features build strong baselines, attention ge-
ometries sharpen token-level salience, knowledge
retrieval contextualizes content, and uncertainty
fusion with an agreement regularizer ensures ro-
bust integration. In a modular and structured way,
these modules jointly enable BiMind to achieve
both competitive performance and interpretable di-
agnostics on when and why knowledge matters.

G Retrieval-based Methods

We tested our model against three retrieval-based
methods on ReCOVery and provided detailed com-
parison results in Table 11. All models are tested
using the same data and experiment settings. Below
are the key findings:

* Retrieval is insufficient: The simple retrieval-
based methods (like kKNN) cannot reach ex-
pected performance, showing how retrieved
knowledge is used matters more than retrieval
itself.

* Simple fusion doesn’t work: The RAG model
performs slightly worse than kNN, suggesting
that just stacking knowledge does not help the
model learn better.

» BiMind is significantly better: Our model is
nearly 4% more accurate than the baselines,
indicating that BiMind correctly predicts a
larger number of cases where other models
failed.

Why BiMind Wins. Our dual-head design is more
effective because:

» Two separate paths: BiMind has one branch
for the text itself and one for external knowl-

Method Accuracy F1 Improvement
kNN (k=5) 83.74%  83.54% -
kNN-BERT (k=5) 83.74%  83.54% -
Standard RAG (k=3) 83.25%  83.00% -0.49%
BiMind (Ours) 87.70% 87.90% +3.96 %

Table 11: Comparison with retrieval-based baselines on
ReCOVery.

edge, allowing it to learn which head to trust
based on input features.

* Conditional fusion using gating: Instead of
treating all external knowledge as equally im-
portant, our model uses a gating strategy to
dynamically weight retrieved knowledge, es-
pecially when knowledge is noisy.

* Knowledge dropout during training: We train
the model to handle cases where knowledge
is unreliable, improving robustness.

Knowledge Safeguards. Here, BiMind explores
multiple safeguards across retrieval, training, and
architecture, such as knowledge dropout (e.g., 0.3)
and an uncertainty-aware fusion strategy to pre-
vent noisy or irrelevant retrieval from hurting per-
formance in low-resource or short-text scenarios.
Additional safeguards are summarized as follows:

* Similarity-aware knowledge vector: We aug-
ment the knowledge vector with similarity sig-
nals, enabling the model to down-weight low-
quality retrieval.

* Bounded FiLM injection: FiLM injection is
bounded via tanh to prevent feature distortion
from noisy inputs.

* Agreement loss: An agreement loss regular-
izes divergence between reasoning heads, sta-
bilizing learning under noisy retrieval.

» Leakage-aware evaluation: The leakage evalu-
ation is performed with similarity-based dedu-
plication (threshold = 0.85) and a cheating test
to ensure robustness is not driven by retrieval
leakage.

In addition, we evaluated the safeguard’s robust-
ness using the Knowledge Rejection Rate (KRR)
and the Fusion Recovery Rate (FRR). When the
gating mechanism does not reject irrelevant knowl-
edge (KRR = 0.0%), the model recovers correct
predictions in 68.6% of irrelevant cases, demon-
strating strong robustness. Further analysis shows
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that recovery is maximized at moderate gate values
(FRR = 81.8%, gate values == 0.44-0.45), indicating
that performance relies on balancing internal and
external knowledge rather than hard filtering. Ad-
ditionally, retrieval similarity is not a reliable indi-
cator of correctness (FRR: 76.9% (medium similar-
ity) vs. 66.7% (high similarity)), as high-similarity
neighbors can still hurt the predictions. These re-
sults highlight the importance of uncertainty-aware
fusion over retrieval-only strategies.

To further validate our findings with RAG, we
also experimented with LLaMA-7B as the back-
bone and compared our BiMind to LLaMA-based
RAG. Even though LLaMA is a big model and
improves over standard RAG (85-86% range), Bi-
Mind still surpasses it by 1-2%. These results show
that BiMind does not just retrieval knowlegde; it
can incorporate all the information from content it-
self and external knowledge in a structured manner.
An important finding from our dual-head design is
that knowledge contribution varies across instances.
By analyzing the learned fusion gates, we observed
that:

* For easy cases (high content clarity), content
head dominates (gate ~ 0.8-0.9).

» For ambiguous cases requiring context, the
knowledge head contributes more (gate ~ 0.4-
0.6).

From these findings, we can see that this adaptive
behavior is absent in fixed-weight RAG approaches.
This additional ablation study shows that removing
the gating mechanism (i.e., fixed 50-50 fusion) re-
duces accuracy by 2.5%, confirming that dynamic
fusion is essential.

H VoX Analysis

To further interpret the VoX values, we visualized
four types of knowledge impacts in Figure 4, which
demonstrates how knowledge can impact predic-
tion confidence over the reasoning path. Typically,
knowledge can help (e.g., MM COVID), be neu-
tral, hurt (e.g., LIAR), or produce mixed patterns
(e.g., MC Fake) from the dataset-level outcomes.
To validate VoX interpretability, we conducted ad-
ditional experiments using two metrics: Apargin
and Acpropy- From our results, we observed that
VoX is strongly correlated with A,,4pgin (Pearson
r = 0.54, p < 0.001) and weakly correlated with
Acntropy (r=10.02), showing that higher VoX val-
ues are related to larger margin improvements and

Neutral Case

Prediction Confidence
Prediction Confidence

2 04 I
Timeline (reasoning steps)

Hurts Case

Prediction Confidence
Prediction Confidence

n 05
Timeline (reasoning steps)

Figure 4: An illustration of knowledge impacts at the
instance level. Blue curve = baseline (no knowledge),
red dashed curve = with knowledge, shaded regions
indicate gain (green) or loss (orange).

reduced uncertainty. It demonstrates that VoX rep-
resents model confidence shifts rather than cali-
bration impact. In addition, Ay, fidence Shows
stronger alignment with performance gain (p =
0.353, p <0.001) and demonstrates very high agree-
ment with VoX itself (p = 0.754, p < 1e-38), show-
ing that VoX effectively captures confidence differ-
entials rather than random calibration noise. Spear-
man correlation between VoX and per-instance
probability improvement is p = 0.23 for gain and p
=0.41 for correctness (both p < 0.001), statistically
supporting its diagnostic validity.

I Quantitative Analysis

Here, we describe the running time comparison of
our BiMind framework with backbone Sentence-
Transformer and HeteroSGT. Beyond superior de-
tection accuracy, we compared the runtime of Bi-
Mind against HeteroSGT, as shown in Table 10.
In our framework, we skip the graph construc-
tion phase, resulting in training and testing that is
nearly 4 x faster (e.g, on MM COVID). HeteroSGT
requires additional graph construction time (e.g.,
40.04s on MC Fake) and retraining to adapt to new
topics; but, BiMind generalizes with lightweight
attention signals and knowledge features, show-
ing BiMind’s efficiency and scalability merits in
incorrect information detection applications.

J Attention Head Specialization

Figure 5 compares attention head specialization at
Layer 9 of the Transformer with and without AGA.
For the baseline model, the attention heads present
severe representational collapse: all heads have
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Figure 5: Layer 9 attention head specialization with
and without AGA. Left: Baseline Transformer without
AGA. Right: Transformer with AGA.

nearly identical attention patterns, with uniformly
high focus on several categories (VERB, NOUN,
ADJ) and minimal head-level variance. It shows
that, without AGA, the self-attention mechanism
tends to flatten linguistic structure in deeper lay-
ers. However, with AGA, it shows a significantly
different geometric pattern. The number of active
heads is reduced, but the head specialization is se-
lectively preserved where a small number of heads
focus on different categories (like ADJ and ADV).
Specifically, head specialization remains diverse
rather than uniform. It demonstrates that AGA
transforms attention collapse into geometry-aware
concentration, compressing distributed signals into
a low-rank but structured representation.
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