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Abstract
Multi-hop fact verification aims to detect the veracity of the
given claim by integrating and reasoning over multiple pieces
of evidence. Conventional multi-hop fact verification models
are prone to rely on spurious correlations from the annota-
tion artifacts, leading to an obvious performance decline on
unbiased datasets. Among the various debiasing works, the
causal inference-based methods become popular by perform-
ing theoretically guaranteed debiasing such as casual inter-
vention or counterfactual reasoning. However, existing causal
inference-based debiasing methods, which mainly formulate
fact verification as a single-hop reasoning task to tackle shal-
low bias patterns, cannot deal with the complicated bias pat-
terns hidden in multiple hops of evidence. To address the
challenge, we propose Causal Walk, a novel method for de-
biasing multi-hop fact verification from a causal perspec-
tive with front-door adjustment. Specifically, in the struc-
tural causal model, the reasoning path between the treatment
(the input claim-evidence graph) and the outcome (the ve-
racity label) is introduced as the mediator to block the con-
founder. With the front-door adjustment, the causal effect be-
tween the treatment and the outcome is decomposed into the
causal effect between the treatment and the mediator, which
is estimated by applying the idea of random walk, and the
causal effect between the mediator and the outcome, which
is estimated with normalized weighted geometric mean ap-
proximation. To investigate the effectiveness of the proposed
method, an adversarial multi-hop fact verification dataset
and a symmetric multi-hop fact verification dataset are pro-
posed with the help of the large language model. Experi-
mental results show that Causal Walk outperforms some pre-
vious debiasing methods on both existing datasets and the
newly constructed datasets. Code and data will be released
at https://github.com/zcccccz/CausalWalk.

Introduction
Fact verification aims to verify the given claim based on
the retrieved evidence, which is a challenging task. Pre-
vious work formulates fact verification as a natural lan-
guage inference task, where multiple evidence pieces are
concatenated together and a single-hop inference is per-
formed (Hanselowski et al. 2018; Nie, Chen, and Bansal
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The post was flagged as part
of Facebook's efforts to combat 
false news and misinformation 
on its News Feed.

Claim: Shands Hospital of Gainesville Florida
has confirmed its first case of coronavirus.

Label: REFUTES

Shands Hospital in Gainesville 
is part of the University of 
Florida Health medical network.

Florida is among 12 states 
reporting cases of …

But a member of UF Health' s 
communications team responded 
directly to the Facebook post saying 
he could  state "we have no cases of 
the 2019 novel coronavirus to date." 

Shortcut path
Reasoning path

Figure 1: Illustration of an example of bias in multi-hop
fact verification dataset, which is taken from the PolitiHop
dataset. The solid line indicates the reasoning path while the
dashed line indicates the shortcut path.

2019). However, in many cases, the process of verifying a
claim requires integrating and reasoning over several pieces
of evidence (Ostrowski et al. 2021). Therefore, multi-hop
fact verification, which performs a multi-hop reasoning pro-
cess to verify a claim, has become an attractive research
topic recently (Zhou et al. 2019; Zhao et al. 2020a; Si, Zhu,
and Zhou 2023).

Though notable progress has been made, most multi-hop
fact verification methods focus on learning label-specific
features for judging the veracity of the given claim, which
may expose the models to hidden data bias. Previous
study (Schuster et al. 2019) has shown that there are anno-
tation biases in a commonly used fact verification dataset,
FEVER (Thorne et al. 2018), where most of the claims re-
quire only a single piece of evidence to verify. As shown
in Figure 1, we observe that there are also biases in the
multi-hop fact verification datasets such as PolitiHop (Os-
trowski et al. 2021). The sentence “The post was flagged
as part ...” appears 85 times in the training set of PolitiHop
with a high correlation with the REFUTES label. There-
fore, it is easy for the black-box neural network methods
to learn such shortcut paths instead of multi-hop reasoning
to cheat and obtain the right answer. We found obvious per-
formance declines for some popular multi-hop fact verifica-
tion methods when such biases are removed in a synthetic
dataset. The same phenomenon, known as disconnected rea-
soning, has also been found in multi-hop question answering
datasets (Trivedi et al. 2020).
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Figure 2: Structural Causal Model for multi-hop fact verifi-
cation.

Previous methods for debiasing cannot deal with biases in
multi-hop datasets as they mainly formulate fact verification
as a single-hop reasoning task. For data augmentation-based
methods (Wei and Zou 2019; Lee et al. 2021), it is difficult to
generate unbiased multi-hop fact verification instances. For
reweight-based methods (Schuster et al. 2019; Karimi Ma-
habadi, Belinkov, and Henderson 2020), it is hard to detect
the biased samples as the bias patterns are complicated. Re-
cently, causal inference has become a popular paradigm for
debiasing methods because of its theoretical guarantee and
generalizability, which aims to calculate the causal effect be-
tween the treatments (input examples) and outputs (labels).
For causal inference-based methods, the common practices
are causal intervention (Tian et al. 2022a) and counterfactual
reasoning (Xu et al. 2023). However, these methods mainly
focus on shallow bias patterns such as the correlation be-
tween specific types of words (e.g. negation words) and spe-
cific labels (e.g. REFUTES), and cannot deal with compli-
cated bias patterns hidden in multiple hops of evidence.

To address the above challenge, we propose to debias the
multi-hop fact verification by causal intervention based on
front-door adjustment. As shown in Figure 2(a), we reflect
the causal relationships in the multi-hop fact verification as a
Structural Causal Model (SCM), where G is the graph con-
sisting of claim and evidence. U is the unobservable con-
founder that introduces various biases. R is the reasoning
path. L is the corresponding veracity label. The debiasing
process is achieved by measuring the causal effect between
treatment G and outcome L. As U absorbs various multi-
hop biases, making it hard to model or detect, it becomes
infeasible to employ back-door adjustment to calculate the
causal effect between G and L. As shown in Figure 2(b), we
introduce the reasoning path between G and L as a mediator
variable R, which is unaffected by U and fully mediates the
causal effect between G and L. With R introduced, the front-
door adjustment can be employed by measuring the causal
effect between G and L as an adding up of the causal effect
between G and R and the causal effect between R and L.

In this paper, Causal Walk, a novel debiasing method for
multi-hop fact verification based on front-door adjustment,
is proposed. Specifically, to measure the causal effect be-
tween G and R, the idea of random walk is applied with the
graph neural network to calculate the probability of the rea-
soning path. To measure the causal effect between R and L,

normalized weighted geometric mean (NWGM) approxima-
tion is utilized with the recurrent neural network to estimate
the unbiased outcome based on the reasoning path. Further-
more, we construct an adversarial multi-hop fact verification
dataset and a symmetric multi-hop fact verification dataset
by extending the PolitiHop dataset with the help of large
language models. We conduct experiments on both single-
hop and multi-hop fact verification datasets under both origi-
nal and adversarial scenarios. Experimental results show that
the proposed method outperforms previous debiasing meth-
ods on both single-hop and multi-hop datasets. The contri-
butions of this work are three-fold.
• As far as we know, we are the first one to debias multi-

hop fact verification task using front-door adjustment.
• We propose Causal Walk, a novel method to perform

causal intervention with front-door adjustment by intro-
ducing the reasoning path between input and output as
the mediator.

• Experimental results show the effectiveness of the pro-
posed method on both previous datasets and the proposed
datasets.

Related Work
Multi-hop Fact Verification
Early methods of fact verification mainly formulate fact ver-
ification as a natural language inference task (Hanselowski
et al. 2018; Nie, Chen, and Bansal 2019). Zhou et al. (2019)
first propose a graph-based evidence reasoning framework
to enable the communication of multiple pieces of evi-
dence in a fully connected graph. Zhong et al. (2020) intro-
duce a semantic-level graph for fact verification. Liu et al.
(2020) utilize the Kernel Graph Attention Network for fine-
grained fact verification. Zhao et al. (2020a) update Trans-
former (Vaswani et al. 2017) with extra Hop attention for
multi-hop reasoning tasks including fact verification. Chen
et al. (2022) propose an evidence fusion network to cap-
ture global contextual information from various levels of ev-
idence information. Si, Zhu, and Zhou (2023) cast explain-
able multi-hop fact verification as subgraph extraction with
salience-aware graph learning. Fajcik, Motlicek, and Smrz
(2023) present a 2-stage system composed of the retriever
and the verifier, while we only focus on the debiasing of the
verifier. Recently, some works have used LLM for multi-hop
fact verification (Zeng and Gao 2023; Pan et al. 2023). Most
of the existing multi-hop fact verification methods focus on
modeling the reasoning process while ignoring the hidden
bias in the datasets.

Debiasing with Causal Inference
Recently, causal inference has been preferred for the debias-
ing method, which provides a more principled way of defin-
ing a causal model and debiasing the model by measuring
the causal effect. Xu et al. (2023) propose to mitigate the
spurious correlation between the claims and the labels by
subtracting the output of a claim-only model from the out-
put of a claim-evidence fusion model. Tian et al. (2022a)
combine the causal intervention and counterfactual reason-
ing to debias fact verification, where the do-calculus for
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causal intervention is estimated by NWGM approximation.
Besides fact verification, causal inference is also widely ap-
plied in debiasing other Natural Language Processing tasks
and Computer Vision tasks. Wang et al. (2022) introduced
instrumental variable estimation to debias implicit sentiment
analysis. Guo et al. (2023) employed counterfactual reason-
ing for reducing disconnected reasoning in multi-hop QA.
Niu et al. (2021) proposed to use counterfactual reasoning to
debias the visual question answering task by subtracting the
prediction of the language-only model from the prediction
of the vision-language model. Some works apply backdoor
adjustment or front-door adjustment to the image caption
task (Liu et al. 2022; Yang et al. 2021; Yang, Zhang, and Cai
2021). Zhu et al. (2023) proposed neuron-wise and token-
wise backdoor adjustments to mitigate name bias in machine
reading comprehension. Chen et al. (2023) proposed to de-
bias multi-modal fake news detection with both causal in-
tervention and counterfactual reasoning. To our best knowl-
edge, we are the first one to utilize front-door adjustment for
multi-hop fact verification debiasing.

Preliminaries

Structural Causal Model and Causal Effect

The structural Causal Model reflects the causal relationships
between certain variables we are interested in. As shown in
Figure 2(a), SCM is often represented as a directed acyclic
graph SCM = {V,E}, where V denotes the set of vari-
ables and E denotes the direct causal effect. G is a direct
cause of L when variable L is the child of G. As for fact
verification, we regard the graph that combines the claim
and corresponding evidence as the treatment variable G, and
the veracity label as the outcome variable L. The claim and
evidence together determine the veracity label. Therefore we
have an edge G→ L to show the direct causal effect of G on
L. Except for the input and output variables, there is another
unobservable variable that affects both the input and out-
put as a background, which we denote as the unobservable
confounder variable U . For fact verification, U can be anno-
tation artifacts that inevitably introduce biases between the
input and output. For example, most annotators will follow
certain patterns including negation words when generating
REFUTES instances. So we have another path G← U → L
from G to L, which is also known as a backdoor path.

The conventional methods often adopt the total effect
P (L|G) to measure how input G affects output L. How-
ever, from the perspective of causal inference, such total ef-
fect does not reflect the real effect of G on L, it involves
all paths from G to L including the backdoor path. There-
fore, methods based on P (L|G) have poor generalizability
on out-of-domain datasets and are vulnerable to adversar-
ial attacks for learning biases hidden in the backdoor path
unconsciously. Contrary to conventional methods, causal in-
ference calculates the direct causal effect between G and L
with do-calculus P (L|do(G)). The do-calculus P (L|do(G))
measures the effect on L when intervening the treatment G
but keeping other variables unchanged, while P (L|G) only
means the probability of L condition on G.

Causal Intervention with Front-door Adjustment
There are four main ways to calculate the do-calculus: ran-
domized controlled trial, backdoor adjustment, front-door
adjustment, and instrumental variable estimation. Both the
randomized controlled trial method and the instrumental
variable estimation method require a thorough control of the
relationship between input text and label, which is difficult
for multi-hop fact verification. The backdoor adjustment is
also infeasible as the confounder U is too polymorphic to be
observed exhaustively. Therefore, the front-door adjustment
is chosen to perform the causal intervention and calculate
P (L|do(G)).

To perform the front-door adjustment, a mediator variable
is required to fully mediate the causal effect between G and
L, i.e. all direct causal paths from G to L go through the
mediator. For multi-hop fact verification, we choose the rea-
soning path in the claim-evidences graph as the mediator
variable R. On the one hand, R is only affected by the graph
G itself, on the other hand, the only way the graph G can af-
fect the label L is through the reasoning path R. Therefore,
we can specify the path G → R → L. With the mediator,
based on the front-door adjustment, we have

P (L|do(G)) =
∑
r

P (L|do(r))P (r|do(G)) (1)

where r ∈ R is the reasoning path between G and L. The
causal effect between G and L is decomposed into the causal
effect between G and R and the causal effect between R and
L.

Since L is a collider of G and R, L blocks the backdoor
paths of G and R. Therefore, based on the backdoor adjust-
ment, we have

P (r|do(G)) =
∑
l

P (r|G, l)P (l) = P (r|G) (2)

where l ∈ L is the veracity label.
Because G blocks R ← G → U → L, G satisfies the

backdoor criterion, and we have

P (L|do(r)) =
∑
g

P (L|r, g)P (g) (3)

where g ∈ G is the claim-evidence graph.

Methodology
In this section, multihop fact verification is formulated
as a graph-based classification task. We first estimate
P (r|do(G)) by applying the idea of random walk with
the graph neural network. We then combine Normalized
Weighted Geometric Mean approximation with the recurrent
neural network to estimate P (L|do(r)). Finally, we use the
beam search to estimate P (L|do(G)) and train the model.

Task Definition
Given the claim c and the corresponding evidence set
{e1, ..., en}, the model needs to detect the veracity of the
claim. Following the previous work (Zhou et al. 2019), we
combine the claim and evidence set into a graph G. Each
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Figure 3: The causal view of the proposed method.

node in graph G represents a sentence. We define multi-hop
fact verification as a graph classification problem, with la-
bels including SUPPORTS, REFUTES, and NOT ENOUGH
INFO. Specifically, we define the graph G = {v0, ...vn}.
G can be divided into two subgraphs Gclaim = {v0} and
Gevidence = {v1, ...vn}. Since there is no more fine-grained
prior information, we set graph G to be fully connected.

Estimation of P (r|do(G))

In this subsection, we will introduce how to use the walk-
based method to estimate the P (r|do(G)) in the Equa-
tion (1). According to the Equation (2), the estimation of
P (r|do(G)) is equivalent to the estimation of P (r|G). To es-
timate the probability P (r|G), we first obtain the node rep-
resentation using the Text Encoding and Graph Encoding.
We then compute the transition probability matrix using the
node representation. Finally, we sample a path r with prob-
ability Pwalk(r) through the Path Sampling.

Text Encoding Following the previous work (Zhou et al.
2019; Liu et al. 2020), we employ BERT (Devlin et al. 2019)
to obtain the semantic representation of the text.

The claim is directly fed into BERT to obtain the claim
representation xc while the evidence is concatenated with
the claim as an evidence-claim pair (ei, c) into BERT to ob-
tain the evidence representation xe

i .

xc
0 = BERT(c)

xe
i = BERT(ei, c)

(4)

For simplification, the superscripts of xc
0 and xe

i are omited
in the following paper.

Graph Encoding To capture the structural information of
the graph, we use graph convolution to update the node rep-

resentation.
X layer = GConv(X,A) (5)

X = {x0,x1, ...,xn} ∈ R|V |×F is the initialized nodes
representation from BERT. A ∈ R|V |×|V | is the adjacency
matrix. layer represents the number of stacked layers of
the graph convolution. X layer ∈ R|V |×d represents the
updated nodes representation. The following operations in
this paper are based on the updated node representation, i.e.
xi = X layer[i, :].

Path Sampling To sample a path and estimate the prob-
ability, we apply the idea of a random walk (Li, Zhu, and
Zhang 2016; Christopoulou, Miwa, and Ananiadou 2018).
The path on the graph represents the inference process for
the claim.

The core parameter of the random walk is the transition
probability. We calculate the weights of the adjacency ma-
trix first and then use the softmax function to calculate the
transition probability. In a random walk starting from v0, the
weight of edge (vi, vj) is calculated as follows:

aij = MLP(xi,xj ,x0) (6)

We assume that the random walk follows a first-order
Markov chain. The probability of jumping from node vi to
vj is:

P (i→ j) = softmax(aij) =
exp(aij)∑

k∈N(i) exp(aik)
(7)

where N(i) is the neighbor set of node vi.
Then we random sample an inference path r =

{v0, ..., vm}. Its length is m+1. The probability of this path
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can be calculated by:

Pwalk(r) =
m−1∏
k=0

P (k → k + 1) (8)

According to the assumption of a first-order Markov
chain, we consider the conditional probability P (r|G) and
the path sampling probability Pwalk(r) to be equivalent.
And then according to the Equation (2), we have

P (r|do(G)) = P (r|G) = Pwalk(r) (9)

Estimation of P (L|do(r))
In this subsection, we describe how to use Normal-
ized Weighted Geometric Mean approximation to estimate
P (L|do(r)). According to the Equation (3), we need to esti-
mate

∑
g P (g)P (L|r, g). We first obtain the path represen-

tation xr and graph representation xg by utilizing the Path
Encoding. In Path Deconfounding, to reduce the computa-
tional cost, we use NWGM to absorb the sampling of g into
the model, as shown in Equation (15). Since it is not possi-
ble to exhaust the values of g, we use a fixed dictionary Dg

to store the compressed representation space of graph g. Fi-
nally, in Path Classifying, we use a classifier to classify the
path representation after causal intervention.

Path Encoding We encode the nodes on the path r with a
recurrent neural network to get the path representation xr,

xr = LSTM([x0, ...,xm],h0, c0) (10)

where h0 and c0 are the initial state of the LSTM network.
We set h0 = c0 = xg . The xg is the graph representation:

xg = Attention(x0, [x1, ...,xn]) (11)

where n is the number of evidence sentences.
Here we use the attention mechanism to learn graph rep-

resentation:

wi = MLP(x0,xi)

αi = softmax(wi) =
exp(wi)∑n

k=1 exp(wk)

xg =
n∑

i=1

αixi

(12)

Path Deconfounding To estimate P (L|do(r)), given the
path r’s representation xr and graph g’s representation xg ,
Equation (3) is implemented as:∑

g∈G

P (xg)P (l|xr,xg) = Eg[P (l|xr,xg)] (13)

where G are the value spaces of g. P (l|xr,xg) is the pre-
diction results of classifier fclassifier:

P (l|xr,xg) = fclassifier(xr,xg)

= softmax(h(xr,xg))
(14)

where h is a feature fusion function.

Note that Eg cannot be calculated analytically, we use
Normalized Weighted Geometric Mean (NWGM) (Xu et al.
2015) to make an approximation of expectation:

Eg[P (l|xr,xg)] = Eg[softmax(h(xr,xg))]

≈ softmax(Eg[h(xr,xg)])
(15)

Following recent works (Tian et al. 2022a; Chen et al.
2023), we model h(xr,xg) = Wrxr + αWgxg , where
Wr and Wg are learnable weight parameters, α is weight
parameter for intervention. In this case, Eg[h(xr,xg)] =
Wrxr + αWg · Eg[xg].

Since the values of g are inexhaustible, we propose
to approximate it by designing a fixed dictionary Dg =
[z1, ..., zN ] ∈ RN×k×d. N is the number of categories. k
is the number of samples for each category. d is the fea-
ture dimension of graph representation. We couple the dic-
tionary size and the category of labels so that Dg can be
modeled as the confounder for each category. We use the
graph representations from the training dataset to initial-
ize the dictionary Dg . Specifically, for each category li, we
sample k cluster centers using the K-Means algorithm, i.e.
zi = [z1

i , ..., z
k
i ] ∈ Rk×d, where zk

i is a graph representa-
tion and it can be calculated by Equation (11).

To compute Eg[xg], we use a dot-product attention mech-
anism:

z
′

i = softmax(QTK)zi

D
′

g = [z
′

1, ..., z
′

N ]

Eg[xg] =
1

N
P (l|xr)D

′

g

(16)

where Q = Wqxr, K = Wkz
T
i (Wq ∈ Rd×d and Wk ∈

Rd×d are learnable mapping matrices). z
′

i ∈ Rd is the graph
representation of category li computed by the dot-product
attention. D

′

g ∈ RN×d is the confounder dictionary after
attention. xr ∈ Rd is the path r’s representation.

Path Classifying P (l|xr) in Equation (16) is the predic-
tion results of classifier fclassifier given only r input:

lr = P (l|xr) = fclassifier(xr) (17)

where lr ∈ RN is the probability distribution of the classifi-
cation results.

In summary, with the Normalized Weighted Geometric
Mean, we can deduce that

P (L|do(r)) = softmax(Wrxr + αWg · E[xg]) (18)

Training and Inference

In the training stage, since we cannot determine which path
is the true inference path, we use the beam search to sam-
ple several paths with the highest probability. Specifically,
we sample a path set Rbeam = {r1, ..., rw}, w is the beam
search width.

According to Equations (1)(9)(18), we can implement
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front-door adjustment as:

lcausal = P (L|do(G))

=
∑
r

Pwalk(r)
∑
g

P (xg)P (L|xr,xg)

= Er∈Rbeam
[softmax(Wrxr + αWg · E[xg])]

(19)
where lcausal ∈ RN is the probability distribution of the
classification results.

Finally, we use the cross-entropy loss for training:

Lcausal = −lTgoldlog(lcausal) (20)

where lgold ∈ RN is the ground-truth label.
We use the supervision of ground-truth labels to further

enhance the learning of reasoning path:

lpred =
∑

r∈Rbeam

Pwalk(r)lr

Lwalk = −lTgoldlog(lpred)
(21)

The total training loss is:

Ltotal = Lwalk + Lcausal (22)

Experiments
Datasets
We evaluate the model performance on the FEVER dataset
and PolitiHop dataset and their variants. For all datasets, la-
bel classification accuracy is adopted as the evaluation met-
ric. For training, all models are trained on the original train-
ing set of FEVER and PolitiHop. For testing, the developed
set of FEVER and the test set of PolitiHop are adopted, de-
noted as FEVER (Thorne et al. 2018) and PolitiHop (Os-
trowski et al. 2021) respectively. We also include the ad-
versarial versions of both datasets, denoted as Adversar-
ial FEVER (Thorne et al. 2018) and Adversarial Politi-
Hop (Ostrowski et al. 2021) respectively. To further investi-
gate the effectiveness of the proposed method on debiasing
multi-hop fact verification, we also extend PolitiHop with
the help of GPT-4 (OpenAI 2023).

Hard PolitiHop: We use GPT-4 to generate some mis-
leading evidence sentences for PolitiHop. Specifically, we
use GPT-4 to generate modified claims that are similar but
parallel to the original claim. GPT-4 then generates evidence
for the modified claims that have the opposite label. For ex-
ample, if the original label is REFUTES, the relation be-
tween the generated new evidence and the modified claim
should be SUPPORTS. We need to make sure that the Orig-
inal claim and the new evidence are neither REFUTED nor
SUPPORTED. Finally, the new evidence replaces the non-
evidence sentences in the original claim.

Symmetric PolitiHop: Previous work (Schuster et al.
2019) has shown that symmetric datasets can evaluate the
debiasing ability of models. We combine the new samples
generated by GPT-4 and the original samples into the Sym-
metric PolitiHop. The generated evidence does not change
the label of the original claim, so we use the setting of shared
evidence (ShareEvi) to increase the difficulty of the dataset.

That is, both the new claim and the original claim use the
evidence set merged by the new evidence and the original
evidence. Here we only consider ‘SUPPORTS’ and ‘RE-
FUTES’ samples.

(Adversarial) FEVER-MH: In FEVER, 83.2% of the
claims require one piece of evidence. Therefore, to evalu-
ate the multi-hop reasoning ability of the model, we extract
the samples that have more than 2 pieces of evidence to con-
struct a variant FEVER-MH. We use the same method to
construct dataset Adversarial FEVER-MH.

Baselines
We compare our proposed method with several baselines
including multi-hop fact verification methods and causal-
inference-based debiasing methods. For multi-hop fact ver-
ification methods, GEAR (Zhou et al. 2019), KGAT (Liu
et al. 2020) and Transformer-XH (Zhao et al. 2020b)
are adopted. For causal-inference-based debiasing meth-
ods for fact verification, CICR (Tian et al. 2022b) and
CLEVER (Xu et al. 2023) are adopted. We also include a
baseline for all methods, namely BERT-Concat, where the
claim and all evidence are concatenated into a sequence to
be fed into the BERT model. To investigate the effectiveness
of previous causal inference-based methods for multi-hop
fact verification, we also replace the encoders of CICR and
CLEVER with the same graph neural networks of Causal
walk: CICR-graph and CLEVER-graph.

Implementation Details
We utilize BERTbase (Devlin et al. 2019) in all of the BERT
fine-tuning baselines and our Causal Walk framework. The
learning rate is 1e-5. All models are trained for 10 epochs
with a batch size of 4. We update the parameters using Adam
optimizer. BERT-Concat, CICR, and CLEVER have a max-
imum input length of 512, and the other models have a max-
imum input length of 128. The maximum number n of evi-
dence per sample is 20. The beam width w is 3 and the path
sampling length m is 5. The number of samples k for each
category in the confounder dictionary is 5. The intervention
weight parameter α is 0.1. Following (Xu et al. 2023), we
train models on FEVER data and its variants without using
‘NOT ENOUGH INFO’ samples.

Results
Table 1 shows the comparison results between our proposed
model and other baseline models. It can be observed that
our model achieves the best performance on the various
variant datasets of PolitiHop and FEVER. On the Politi-
Hop, each sample contains an average of 4 pieces of ev-
idence and 24 non-evidence sentences, which shows that
Causal Walk has better multi-hop reasoning ability. In ad-
dition, the performance of Causal Walk is more consistent
on the PolitiHop, Adversarial PolitiHop, and Hard Politi-
Hop. This proves that our model is not confused by mis-
leading evidence and is more robust to data bias. On the
FEVER and its variants, the performance of GEAR, KGAT,
and Causal Walk on the multi-hop dataset (FEVER-MH)
is significantly better than other models, which proves that
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Models PolitiHop Adversarial
PolitiHop

Hard
PolitiHop FEVER FEVER-MH Adversarial

FEVER
Adversarial
FEVER-MH

BERT-Concat 76.00 74.50 71.50 82.14 86.32 59.08 62.12
GEAR 75.50 75.00 73.50 86.58 87.04 57.81 63.36
KGAT 77.00 74.50 74.00 86.74 89.90 59.34 64.85

Transformer-XH 75.50 77.00 72.34 83.11 86.58 59.39 64.36
CICR 76.00 74.50 75.00 79.25 83.37 61.88 64.11

CLEVER 76.00 76.00 73.00 78.68 82.50 59.85 64.36
CICR-graph 78.00 77.50 76.50 87.38 91.53 59.21 65.84

CLEVER-graph 78.00 76.50 75.50 86.24 89.99 59.47 64.60
Causal Walk 80.00 79.00 79.00 90.19 92.88 62.13 67.08

Table 1: Experimental results for PolitiHop dataset, FEVER dataset, and their variants. The best results are in bold.

Models PolitiHop Adversarial
PolitiHop

Hard
PolitiHop FEVER FEVER-MH Adversarial

FEVER
Adversarial
FEVER-MH

Causal Walk 80.00 79.00 79.00 90.19 92.88 62.13 67.08
w/o intervention 77.00 78.00 77.00 87.86 90.69 60.86 65.35
w/ evidence label 78.00 77.00 77.00 89.48 91.87 59.72 64.36

Table 2: Experimental results for ablation study. The best results are in bold.

Models PolitiHop
-adv Symmetric Symmetric

-ShareEvi
GEAR 89.47 51.17 50.88

CICR-graph 87.72 51.75 50.58
CLEVER-graph 86.55 52.05 53.22

Causal Walk 88.30 57.02 54.09

Table 3: Experimental results on Symmetric PolitiHop
dataset. The best results are in bold.

the graph-based model has strong multi-hop reasoning abil-
ity. The performance of CICR, CLEVER, and Causal Walk
on Adversarial FEVER data set is significantly better than
other models, which proves that the causal-based model has
strong robustness. On the multi-hop Adversarial FEVER-
MH dataset, our model still has the best performance, prov-
ing that our method has all the advantages of both graph-
based and causal-based models.

Table 3 shows the performance of the model on the sym-
metric dataset. It can be observed that our model achieves
the best performance on both Symmetric and Symmetric-
ShareEvi.

Ablation Study
To investigate the effectiveness of our proposed causal inter-
vention approach, we evaluate the performance of the model
after removing the causal intervention part (w/o interven-
tion), that is, directly using the result lpred of Equation (21)
as the final classification result. As shown in Table 2, the per-
formance decreases consistently on both the original dataset
and the adversarial dataset, which illustrates the effective-
ness of the causal intervention.

The evidence set contains ground-truth evidence and non-

evidence sentences. Both PolitiHop and FEVER provide the
evidence labels. During training, we use these evidence la-
bels to supervise the transition probability matrix in Equa-
tion (7) (w/ evidence label). Counterintuitively, the per-
formance of the model decreases after using the evidence
labels. The performance decreases less on PolitiHop and
FEVER, and more on the Adversarial dataset. We believe
that this is because the proportion of evidence sentences and
non-evidence sentences in the training data is very small,
so the transition probability matrix will converge to a very
sparse state, which will lead to serious error accumulation in
path sampling on the out-of-distribution data set. From an-
other point of view, in the front-door adjustment, we need to
sample the paths multiple times and calculate the weighted
sum. For the diversity of path sampling, we want the transi-
tion probability matrix to be dense rather than sparse.

Conclusion

In this paper, we propose Causal Walk to debias multi-hop
fact verification based on front-door adjustment. The rea-
soning path of the claim-evidence graph is introduced as the
mediator between input and output to perform the front-door
adjustment. Specifically, the causal effect between input and
output is decomposed into two parts, the causal effect be-
tween input and mediator and the causal effect between me-
diator and output. The former part is estimated by combining
the idea of random walk and graph neural network while the
latter part is estimated by introducing NWGM approxima-
tion into recurrent neural network. What’s more, we also ex-
tend existing datasets with the help of large language models
to further test the proposed method. The experimental results
for both existing and new datasets show the effectiveness of
the proposed method.
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