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ABSTRACT

Comprehensible neural network explanations are foundations for a better under-
standing of decisions, especially when the input data are infused with malicious
perturbations. Existing solutions generally mitigate the impact of perturbations
through adversarial training, yet they fail to generate comprehensible explanations
under unknown perturbations. To address this challenge, we propose AGAIN, a
factor graph-based interpretable neural network, which is capable of generating
comprehensible explanations under unknown perturbations. Instead of retraining
like previous solutions, the proposed AGAIN directly integrates logical rules by
which logical errors in explanations are identified and rectified during inference.
Specifically, we construct the factor graph to express logical rules between expla-
nations and categories. By treating logical rules as exogenous knowledge, AGAIN
can identify incomprehensible explanations that violate real-world logic. Further-
more, we propose an interactive intervention switch strategy rectifying explana-
tions based on the logical guidance from the factor graph without learning per-
turbations, which overcomes the inherent limitation of adversarial training-based
methods in defending only against known perturbations. Additionally, we theoret-
ically demonstrate the effectiveness of employing factor graph by proving that the
comprehensibility of explanations is strongly correlated with factor graph. Exten-
sive experiments are conducted on three datasets and experimental results illus-
trate the superior performance of AGAIN compared to state-of-the-art baselines1.

1 INTRODUCTION

Comprehensibility of neural network explanations depends on their consistency with human insights
and real-world logic. Comprehensible explanations promote better understanding of decisions and
establish trust in the deployment of neural networks in high-stake scenarios, such as healthcare
and finance (Virgolin & Fracaros, 2023; Fokkema et al., 2023; Luo et al., 2024a;b). However, as
shown in Figure 1, interpretable neural networks are vulnerable to malicious perturbations which are
infused into inputs, misguiding the model to generate incomprehensible explanations (Tan & Tian,
2023; Baniecki & Biecek, 2024). Such explanations may cause users to make wrong judgments,
resulting in security concerns in high-stake domains. For example, a doctor prescribing medication
based on a medically illogical explanation (i.e., incomprehensible explanation) of the pathological
prediction may lead to misdiagnosis. Therefore, it is crucial to ensure that interpretable neural
networks generate comprehensible explanations under perturbations.

Several existing efforts have been devoted to investigating comprehensible explanations (Kamath
et al., 2024; Sarkar et al., 2021; Chen et al., 2019). Many of them craft adversarial samples by
adding perturbations to the dataset beforehand and retrain the model with extra regularization terms.
Regularization terms constrain model to generate explanations that are similar to the explanation
labels of the adversarial samples. Empirical results show that retrained models are able to learn the
adversarial sample data distribution and reduce the probability of being misled by the predetermined
perturbation.

However, the above solutions assume perturbations are known to the model, which leads to their
failure to generate comprehensible explanations under unknown perturbations (Novakovsky et al.,
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2023). The reasons are as follows: 1) it is impossible to craft adversarial samples for all unknown
perturbation types (G̈urel et al., 2021); 2) even if the adversarial samples are available, retraining is
effective for only a limited number of perturbation types simultaneously (Tan & Tian, 2023). Thus,
despite recent progress on comprehensible interpretability, it is still challenging to provide compre-
hensible explanations under unknown perturbations. Considering this, we seek to solve this problem
from a different perspective - instead of optimizing the training strategy, we innovate the inference
process. Our goal is to design an interpretable neural network capable of rectifying incomprehensi-
ble explanations under unknown perturbations during inference. We draw inspiration from knowl-
edge integration with factor graphs. Unknown perturbations cause the explanatory semantics to
violate the exogenous knowledge in the factor graph (Tu et al., 2023; Xia et al., 2021). Factor graph
reasoning enables us to identify and rectify explanatory logical errors without learning perturbations.

Figure 1: Interpretable neural networks suffer from pertur-
bations that generate incomprehensible explanations. For in-
stance, the model predicts the input as “Dog” but explains it
with “Wings” and “Plume”.

We propose AGAIN (fActor GrAph-
based Interpretable neural Network),
which generates comprehensible
concept-level explanations based
on the factor graph under unknown
perturbations (Tiddi & Schlobach,
2022). AGAIN consists of three
modules, including factor graph
construction, explanatory logic
errors identi�cation, and explanation
recti�cation. In the �rst module,
semantic concepts, label catergories,
and logical rules between them are encoded as two kinds of nodes (i.e., variable and factor) in
the factor graph, while their correlations are encoded as the edges. Based on the constructed
factor graph, the logic relations among concepts and categories are explicitly represented. In the
second module, AGAIN generates the concept-level explanations and predictive categories and
then imports them into the factor graph to identify erroneous concept activations through logical
reasoning. In the third module, we propose an interactive intervention switch strategy for concept
activations to correct logical errors in explanations. The explanations that are further regenerated
align with external knowledge. The regenerated explanations are used to predict categories.
Extensive experiments are conducted on three datasets including CUB, MIMIC-III EWS, and
Synthetic-MNIST. Experimental results demonstrate concept-level explanations generated by
the proposed AGAIN under unknown perturbations have better comprehensibility compared to
baselines such as ICBM, PCBM, free CBM, and ProbCBM.

Our contributions can be summarized as follows: 1)against unknown perturbations: we present
an innovative interpretable neural network based on factor graph. It integrates real-world logical
knowledge to generate comprehensible explanations under unknown perturbations; 2)forward feed-
back: we design logic error identi�cation and recti�cation methods based on the factor graph. Our
method is able to rectify logic violating explanations during inference without learning perturba-
tions, unlike previous methods; 3)theoretical foundation of factor graph: we prove that the com-
prehensibility of explanations is positively correlated with the involvement of factor graph; 4)supe-
rior performance: we conduct extensive experiments on three datasets to demonstrate that AGAIN
can generate more comprehensible explanations than existing methods under unknown perturba-
tions.

2 RELATED WORK

Comprehensible Explanation under Perturbation. Studies of comprehensible explanations un-
der perturbations can be divided into two categories: attacks on comprehensibility and defenses of
comprehensibility. Studies of attacks on comprehensibility aim to design perturbations that misguide
the model to generate incomprehensible explanations. Some methods modify salient mappings with
perturbations that make the explanation incomprehensible to users (Ghorbani et al., 2019; Dom-
browski et al., 2022). Furthermore, there are several efforts that propose additional types of pertur-
bations (Rahmati et al., 2020; Carmichael & Scheirer, 2023; Huai et al., 2022). They demonstrate
that many types of perturbations can undermine the comprehensibility of explanations. In contrast,
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studies on defenses of comprehensibility aim to design defensive strategies to suppress the effects
of perturbations on interpretations. These studies focus on adversarial training of interpretable neu-
ral networks so that the model generates comprehensible explanations despite perturbations. These
studies are implemented in two ways. In the �rst approach, some methods annotate the adversarial
samples with explanatory labels, and constrain the model to generate explanations similar to the
labels (Boopathy et al., 2020; Lakkaraju et al., 2020; Chalasani et al., 2020). While promising,
excessive adversarial training can easily lead to over�tting. In the second approach, some efforts
further utilize different regularization terms based on adversarial training to mitigate over�tting, and
allowing reasonable local shifts in explanations (Kamath et al., 2024; Sarkar et al., 2021; Chen et al.,
2019). In addition, concept-based interpretable methods, which explain model decisions by gener-
ating a set of high-level semantic concepts, have gained great attention recently Koh et al. (2020b);
Havasi et al. (2022); Wang et al. (2022). Moreover, it has been demonstrated that concept-based
explanations can be erroneous and lose comprehensibility under perturbations Sinha et al. (2023).
Meanwhile, they verify that retraining is effective in enhancing the comprehensibility of concept-
based explanations. However, all the above methods assume that the perturbation is known to the
model. Thus, how to improve the comprehensibility of the explanation under unknown perturbations
remains open.

Knowledge Integration with Factor Graph. There have been extensive studies on knowledge
integration with factor graphs (Tian et al., 2024; Gürel et al., 2021; Yang et al., 2022). These studies
typically utilize factor graph reasoning to assemble predictions from multiple ML models. When
one model predicts incorrectly, the factor graph can combine the exogenous knowledge to correct
the error based on the predictions of other models. Empirical evidence suggests that integration
of exogenous knowledge in factor graphs contributes to the predictive accuracy of ML models. In
this paper, instead of improving predictive accuracy, we explore the possibility of using exogenous
knowledge to guide interpretable neural networks for generating comprehensible explanations.

3 NOTATIONS AND PRELIMINARIES

Figure 2: An example of the
factor graph. It consists of 4
factors and 8 variables.

Interpretable Neural Network. Interpretable neural networks
are de�ned as neural networks that automatically generate expla-
nations for decisions (Esterhuizen et al., 2022; Rieger et al., 2020;
Peng et al., 2024). For more comprehensible explanations, we uti-
lize a concept bottleneck model to generate concept-level explana-
tions, which utilize various semantic concepts to explain the pre-
dictions Koh et al. (2020b); Huang et al. (2024). Speci�cally, let
x denote an input sample, the concept bottleneck model predicts
the categoryy and outputs a boolean vectorc 2 f 0; 1gM of M
concepts. Letc 2 c denote a concept. Letc = 1 indicate that
conceptc is present inx and in�uences the model decision.c is
the concept-level explanation of the model prediction.

Factor Graph. Factor graph serves as a probabilistic graphical model to depict relationships
among events (Yu et al., 2023; Bravo-Hermsdorff et al., 2023). As shown in Figure 2, within a
factor graph, two node types exist: 1) variables, which delineate events; 2) factors, which articulate
the relationships between events. Formally, a factor graphG = ( V; F ) contains the set of variables
V and the set of factorsF . We denote the set of edges asE. For anyvi 2 V andf i 2 F , we let
(vi ; f i ) 2 E denote an edge ofG. LetN (f i ) = f vi 2 V j(vi ; f i ) 2 E gdenote the set of neighbors of
factorf i in G. We let variables correspond to concept and category labels. We let factors correspond
to logical rules. This enablesGto encode logical rules between concepts and categories.

Known and Unknown Perturbation. Formally, let � denote perturbations uniformly. The de-
signer of the model crafts adversarial samples against one perturbation� k to obtain a retrained model
h that minimizeskh (x; � ) � h (x + � k ; � )k. � is the model parameter. For modelh, � k denotes one
known perturbation, and any� u 2 f � j� 6= � k g denotes one unknown perturbation.

Adversarial Attacks against Concept-level Explanations. Unlike standard adversarial attacks,
adversarial attacks against explanations do not compromise task predictions. For concept-level in-
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Figure 3: Overall structure of AGAIN.

terpretable models, such attacks can be categorized into three types: erasure attacks, introduction
attacks, and confounding attacks (Sinha et al., 2023). 1) Erasure attacks: the goal of the erasure at-
tacks is to subtly remove concepts from a concept-level explanation; 2) introduction attacks: the goal
of introduction attacks is to allow the existence of irrelevant concepts; 3) confounding attacks: the
goal of confounding attacks is to simultaneously remove relevant concepts and introduce irrelevant
concepts. These attacks are technically simpler to implement (see the Appendix E for implementa-
tion details of these attacks).

4 THE DESIGN OFAGAIN

AGAIN consists of three modules: 1) �rst, we encode logic rules of the real-world as a factor graph
(Section 4.1); 2) then, we generate the initial concept-level explanation through the concept bottle-
neck. The factor graph reasoning is utilized to identify whether the explanation of concept bottleneck
violates the external logic, and thus to detect whether the perturbation exists (Section 4.2); 3) �nally,
an interactive intervention strategy is designed to rectify the explanation and input it to the category
predictor (Section 4.3). The overall architecture of AGAIN is shown in Figure 3.

4.1 FACTOR GRAPH CONSTRUCTION

To construct a factor graph, we �rst de�ne the logic rule setR = f r i g
N
i =1 , which contains two types:

1) concept-concept rule: all predicates consist of concepts. Such rules are used to constrain potential
relationships among various concepts. For instance, there is a rule of coexistence or exclusion
between conceptsci andcj , which can be formalized in logical notation as:ci , cj or ci � cj .

Figure 4: Factor graph construction.

2) Category-concept rule: all predicates are de�ned by con-
cepts and categories. Such rules are used to constrain po-
tential correlations between concepts and categories. For
instance, the coexistence or exclusion rule that exists be-
tween conceptci and category labelyj can be formalized
as:ci , yj or ci � yj .

Then, we encode the above logic rules into a factor graphG.
As shown in Figure 4, we illustrate the construction of the
factor graph. Speci�cally, there are two types of variables
V = Vc [ V y , whereVc andVy denote concept and cate-
gory variable set, respectively, and are linked byF . In this
way, each factorf i 2 F corresponds to thei -th logic rule
r i . Each factor is de�ned as a potential function that per-
forms logical operations based on different rules, which can
be categorized into coexistence and exclusion operations.
Moreover, we de�ne a potential function i for each factorf i , which outputs a boolean value for
eachN (f i ). If N (f i ) makesr i true, i (N (f i )) = 1 , otherwise i (N (f i )) = 0 .

4



Published as a conference paper at ICLR 2025

For convenience, we denote i (N (f i )) as i . We de�ne the weightwi 2 [0; 1] to represent the
con�dence level off i in two methods, i.e., prior setting and likelihood estimation (The details can
be referred to the Appendix C.5). Higherwi indicates that the logic rules off i are more important
for reasoning, and vice versa.

4.2 EXPLANATORY LOGIC ERRORSIDENTIFICATION

AGAIN generates an initial concept-level explanation and identi�es logical errors in the initial expla-
nation. Speci�cally, we employ a concept bottleneck structure, a popular concept-level interpretable
module, to capture the semantic information from instances, which can learn the mapping between
semantic information and concepts (Koh et al., 2020a). The concept bottleneck contains a concept
predictorhc : RD ! RM and a category predictorhy : RM ! R. The instancex is �rst mapped
to the concept space byhc and obtains the corresponding concept activation vector, i.e.,ĉ = hc(x),
whereĉ 2 [0; 1]M , and then the conceptual activation vector is fed intohy to yield the �nal predicted
category, i.e.,̂y = hy (ĉ), whereŷ 2 f 0; 1g. ĉ is de�ned as the initial explanation.

Next,G takesĉ andŷ as inputs to assignVc andVy , respectively. If concept̂c > 0:5; ĉ 2 ĉ, we set
variablevĉ = 1 ; vĉ 2 V c, otherwisevĉ = 0 . For the category variables, we setvŷ = 1 ; vŷ 2 V y ,
andVy n vŷ = f 0gK � 1.

Subsequently, we evaluate the likelihood of the variable assignment under rule constraints through
logical reasoning. Firstly, after each variable (concept and category) inGis assigned a value, boolean
values are output from potential functions of all factors. These boolean values indicate whether the
assignments of concepts and categories satisfy the logical rules represented by potential functions.
Therefore, the weighted sum of all potential functions quanti�es the extent to which concept assign-
ments satisfy the logic rules inG.

Then, we seek to obtain the likelihood of the current concept assignments occurring, conditional on
the known categories and logic rules. We quantify this likelihood by computing a conditional prob-
ability using the weighted sum of potential functions. We consider all possible concept assignments
and compute the expectation of current concept assignments. This expected value is considered as
the conditional probability, which is then used to detect whether concept activations are perturbed.
For illustrative purposes, we provide an example. Suppose there are conceptsA andB . The current
concept assignment isf 1; 0g denotingA = 1 (active) andB = 0 (inactive). We iterate through all
four possible assignments:f 1; 0g; f 0; 1g; f 1; 1g; f 0; 0g. We compute the weighted sum of the po-
tential functions for each of the four cases and compute the expectation of the potential function for
f 1; 0g. This expectation is the conditional probability that concept assignmentf 1; 0g occurs condi-
tionally on the known categories and logic rules. Formally, we denote this conditional probability
asP(Vc jVy ):

P(Vc jVy ) = exp

 
X

i 2 N

wi  i

! ,
X

~V c 2 �

 

exp

 
X

i 2 N

wi  i

!!

; (1)

where� represents all cases of concept assignments, and~Vc represents a case in� . This implies
that the denominator of Eq. (1) is the normalized constant term. We useP(Vc jVy ) to evaluate the
comprehensibility of explanation̂c. HigherP(Vc jVy ) indicates that̂c is more comprehensible, and
vice versa. In theory, we consider that a comprehensibleĉ should satisfy eachr i 2 R , ensuring that
P(Vc jVy ) attains an upper bound denoted as_ P(Vc jVy ):

_ P(Vc jVy ) =
1
a

max

 

exp

 
X

i 2 N

wi  i

!!

; (2)

wherea denotes the denominator of Eq. (1). However, in practice, even concept explanations gener-
ated in a benign environment (without perturbations) rarely satisfy all the rules. Overly strict logical
constraints may instead causeG to lose its ability to recognize perturbations. Therefore, we allow
a comprehensible explanation to violate some low-weight rules. Naturally, we establish a relaxed
identi�cation condition for distinguishing explanations corrupted by perturbations from comprehen-
sible explanations:

P(Vc jVy ) > @� _ P(Vc jVy ) ; (3)
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where@2 [0; 1] is a hyperparameter controlling the relaxation.@approximate 1 implies a stricter
constraint imposed byG on the explanation. IfVc, Vy satis�es Eq. (3), then̂c is comprehensible;
otherwise, it is recognized as having logical error under perturbation. Further, we demonstrate
theoretically thatG contributes to comprehensible explanations. For a detailed theoretical analysis,
please refer to Appendix B.

4.3 EXPLANATION RECTIFICATION

Once explanations with logical errors are identi�ed, AGAIN recti�es the explanation and put it as an
input to the category predictor for the �nal prediction. For this objective, we propose an interactive
intervention switch strategy aimed at enhancing the conditional probability of theG. The proposed
strategy intervenes on the values ofVc and interactively observing the potential function difference.
In this paper, we assume thatŷ are unaffected under perturbations, thus we do not intervene inVy .
The pseudocode of the interactive intervention switch is listed in Appendix A.

Our intervention strategy can be divided into three steps. First, we traverse all factors with i = 1 .
For factorf i 2 F , we modify the boolean value of its concept variables, considering the modi�cation
as a single intervention operation. Given thatf i may be connected to multiple concept variables,
there exist numerous intervention cases. For instance, considerf i containing concept variables
vi andvj . There are three possible intervention cases: intervene onlyvi , intervene onlyvj , and
intervene bothvi andvj . We de�ne the full set of possible intervention cases forf i asTi . For each
caset i 2 Ti , we compute the potential function differencesi , which represents the change in the
potential function after executingt i . Note thatt i does not only changef i , but also changes the 1-hop
neighbor factors ofN (f i ). Thus, we de�nesi as follows:

si =
X

j 2jF i j

wj
�
 t i

j �  j
�

; (4)

whereF i = f f j jN (f i ) 2 N (f j ) g [ f f i g.  t i
j denotes the j value aftert i intervention. Subse-

quently, after traversing through all possible interventions inTi , we identify the intervention with the
highestsi as a candidate intervention. We generate the candidate intervention for each factor with
 i = 1 . We aggregate all the candidate interventions into a �nal intervention, denoted ast � . We
executet � on Vc. From the set of intervenedVc andt � , we generate a binary concept intervention
vectorz 2 f� 1; 1gM and a binary mask vectorm t � 2 f 0; 1gM . z denotes the concept activation
status, where -1 indicates activated, and 1 indicates inactivated.m t � denotes whether the concept is
intervened or not, where 1 indicates intervened, and 0 indicates not intervened.

Finally, we employz andm t � to rectify the initial explanation̂c. We utilizem t � to aggregatêc and
z for a recti�ed concept activation vector̂cre :

ĉre = z � m t � + ĉ � m 0
t �

; (5)

wherem 0
t �

is obtained by �ipping the bits ofm t � . � denotes dot product operation. The purpose of
employing the intervention mask is to facilitateĉre to retain activations in̂c that are not intervened.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETTINGS

Datasets and Baselines. We evaluated AGAIN on two real-world datasets, CUB, MIMIC-III
EWS, and one synthetic dataset, Synthetic-MNIST. We choose two categories of methods. (1)
Concept-level methods: CBM (Koh et al., 2020a), Hard AR (Havasi et al., 2022), ICBM (Chauhan
et al., 2023), PCBM (Yuksekgonul et al., 2023), ProbCBM (Kim et al., 2023), Label-free
CBM (Oikarinen et al., 2023), ProtoCBM (Huang et al., 2024), and ECBMs (Xu et al., 2024).
(2) Knowledge integration methods: DeepProblog Manhaeve et al. (2018), MBM Patel et al. (2022),
C-HMCNN Giunchiglia & Lukasiewicz (2020), LEN Ciravegna et al. (2023), DKAA Melacci et al.
(2021), and MORDAA Yin et al. (2021). In addition, we compare AGAIN with the retrained ver-
sions of these baselines that employ state-of-the-art adversarial training strategy. More details on
the datasets and baselines are provided in Appendix C.1 and C.2. The experimental results on the
synthetic dataset are presented in Appendix D.4.
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Evaluation Metrics and Implementation Details. To evaluate the performance of AGAIN, we
use �ve metrics: predictive accuracy (P-ACC), explanatory accuracy (E-ACC), logical satisfaction
metric (LSM), identi�cation rate (IR), and success rate (SR). Higher scores indicate better perfor-
mance for all metrics. Detailed descriptions of each metric are given in Appendix C.3. Additionally,
the implementation details of AGAIN are provided in Appendix C.4.

5.2 EXPERIMENTAL RESULTS ONREAL-WORLD DATASETS

Identifying Perturbations. We apply adversarial perturbations acquired during black-box train-
ing to randomly perturb multiple instances in the test set. Known and unknown perturbations are
denoted by� k and� u , respectively, with� representing the perturbation magnitude. We evaluate the
ability of AGAIN to recognize logical errors of explanations by reporting SR and IR values under
different perturbation magnitudes in Table 1. The results demonstrate that AGAIN achieves remark-
able IR and SR values under both� k and� u . Speci�cally, AGAIN attains nearly 100% IR across all
perturbation magnitudes. With SR results averaging up to 98%, we also validate that factor graph
G can effectively identify explanations from benign instances and permit them to directly predict
categories without logical reasoning. Furthermore, it is also worth noting that as the perturbation
magnitude increases, the IR value also gets larger. This observation is attributed to the larger pertur-
bation magnitude causing a more pronounced logical violation in the generated explanations. TheG
more readily identi�es these violations.

Table 1: IR and SR on two real-world datasets.

Dataset Metrics Clear
� k � u

� =4 � =8 � =16 � =32 � =4 � =8 � =16 � =32

CUB
IR - 97.3(1.3) 98.9(0.4) 98.9(0.8) 99.3(1.0)97.3(0.5) 97.2(0.8) 97.5(1.1) 98.3(0.9)
SR 98.7(0.4) 98.0(1.2) 98.7(0.4) 97.7(0.6) 97.2(0.5)97.4(0.7) 97.2(1.1) 96.8(0.9) 97.7(1.1)

MIMIC-III EWS
IR - 97.4(0.2) 98.3(0.3) 99.7(0.2) 99.8(0.1)98.3(0.4) 99.5(0.1) 100.0(0.0) 100.0(0.0)
SR 100.0(0.0) 98.91(0.4) 99.3(0.1) 98.7(0.4) 98.2(1.1)99.3(0.3) 97.1(0.3) 98.6(0.4) 99.4(0.1)

Comprehensibility of Explanations. To investigate the comprehensibility of the explanations
generated by AGAIN, we perform extensive experiments on both datasets for evaluating the LSM
of the explanations, and the comparison are reported in Table 2. The baselines subjected to the
retraining are identi�ed by the ”-AT” suf�x. The results reveal that the comprehensibility of the
explanations generated by AGAIN outperforms all concept-level methods, including the ”-AT” ver-
sions of these baselines, under different perturbation magnitudes. Particularly, previous interpretable
models fail to generate logically complete explanations with LSMs lower than 48 under unknown
perturbations of magnitude 32, but explanations from AGAIN can reach as high as 92.30. More-
over, we demonstrate that AGAIN is hardly affected by the perturbation magnitude compared to the
baseline methods. This effect is attributed to the corrective capability provided byGfor any level of
logic violation. For kowledge integration methods, since DeepProblog, MBM, and C-HMCNN are
unable to generate concepts, we splice their knowledge integration modules onto the CBM. The re-
sults show that the LSM of AGAIN is optimal. In contrast, deepProblog can only constrain category
predictions, not concept predictions, which results in low LSM under perturbation. The knowledge
introduced by methods MBM and C-HMCNN can constrain concepts, but they only use logical
rules between concepts and concepts, making their performance inferior to AGAIN. Meanwhile,
since DKAA and MORDAA have Multi-label predictors, we directly use Multi-label predictors to
predict concepts. LEN can only constrain category predictions. DKAA and MORDAA detect ad-
versarial perturbations in the samples using external knowledge, but they cannot correct the wrong
concepts triggered by these perturbations.

Validity of the Factor Graph. As the theoretical analysis in Appendix B demonstrates,G im-
proves the comprehensibility of explanations. We experimentally validate this claim and further
demonstrate that increasing the number of factors inG enhances the predictive accuracy of con-
cepts. Speci�cally, we employ subgraphG0 extracted from the originalG for reasoning and analyze
the impact on prediction accuracy by increasing the ratio ofG0 to G. In Figure 5, we depict the
changes in P-ACC and E-ACC across four perturbation magnitudes on both datasets. It is evident
that both P-ACC and E-ACC exhibit substantial improvement as the number of factors inG0 in-
creases. This observation indicates thatG contributes in generating explanations with similarity to
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Table 2: Comparisons of LSM for AGAIN with other concept-level interpretable baselines.

Dataset Method clear
� k � u

� =4 � =8 � =16 � =32 � =4 � =8 � =16 � =32

CUB

CBM 96.3(2.2) 89.2(3.5) 77.4(2.8) 53.7(1.3) 39.4(5.4)89.3(3.1) 77.4(5.5) 53.1(3.8) 39.4(5.3)
Hard AR 85.6(0.9) 77.3(1.2) 66.4(3.2) 50.8(1.8) 47.6(0.8)77.4(0.5) 66.2(2.6) 50.4(1.4) 47.2(1.8)
ICBM 95.4(1.3) 86.4(0.8) 77.3(0.4) 56.4(1.6) 39.5(1.5)86.7(0.7) 77.6(2.4) 56.9(1.9) 39.8(3.2)
PCBM 95.7(1.6) 85.6(1.0) 76.3(1.5) 58.7(2.1) 40.3(1.2)87.5(1.5) 78.1(1.4) 57.6(1.8) 41.6(2.6)

ProbCBM 96.8(0.4) 85.5(0.2) 77.6(1.1) 59.7(1.5) 39.7(1.3)87.7(1.2) 77.4(1.0) 57.4(1.4) 40.3(1.2)
Label-free CBM 96.4(1.3) 84.3(1.7) 76.9(1.4) 58.5(2.1) 40.8(0.3)87.3(1.6) 77.8(1.2) 57.3(1.4) 40.0(1.8)

ProtoCBM 97.3(0.2) 92.3(1.3) 84.5(1.6) 64.5(3.2) 54.3(1.3)92.4(1.1) 84.4(1.9) 64.5(2.4) 54.1(3.6)
ECBMs 96.4(1.3) 92.1(1.5) 87.5(3.7) 70.4(2.8) 64.7(2.1)92.2(0.9) 86.6(3.7) 70.4(2.9) 64.4(6.1)

CBM-AT 93.4(1.4) 92.9(1.3) 85.6(0.7) 75.6(1.7) 59.6(1.6)87.6(0.6) 77.5(1.0) 53.3(1.9) 39.7(1.5)
Hard AR-AT 82.5(0.3) 78.6(0.5) 76.6(1.6) 69.9(1.3) 60.5(1.7)76.6(0.6) 65.2(1.4) 51.9(1.1) 47.5(2.1)
ICBM-AT 91.5(1.3) 91.6(2.4) 86.3(1.9) 79.3(1.6) 70.6(1.5)80.4(1.2) 77.6(2.1) 56.4(1.8) 39.4(1.6)
PCBM-AT 93.6(0.6) 92.5(1.6) 84.4(0.9) 76.5(1.3) 70.9(1.9)80.4(1.5) 75.3(1.2) 55.6(1.6) 41.6(2.1)

ProbCBM-AT 93.5(0.9) 90.3(1.4) 83.3(1.3) 78.2(1.6) 70.3(1.8)87.4(0.9) 77.6(1.2) 57.5(1.6) 40.6(1.4)
Label-free CBM-AT 93.4(1.3) 91.4(0.8) 86.2(1.4) 80.9(1.6) 78.5(1.5)87.8(1.4) 77.4(1.8) 57.7(1.7) 41.8(2.9)

ProtoCBM-AT 94.4(0.7) 92.7(1.1) 87.2(1.9) 70.3(4.2) 68.7(2.7)91.7(1.2) 82.5(1.5) 60.2(2.4) 52.1(6.1)
ECBMs-AT 93.6(1.0) 91.9(2.5) 88.1(2.1) 83.1(3.8) 78.4(3.4)90.7(2.4) 83.7(2.5) 68.7(2.7) 66.7(3.7)

LEN 96.4(0.8) 89.1(3.4) 77.8(1.6) 56.7(1.2) 40.4(1.3)89.1(3.4) 77.8(1.6) 56.7(1.2) 40.4(1.3)
DKAA 96.2(1.1) 91.2(1.5) 85.6(1.6) 76.9(1.3) 73.7(5.3)91.2(1.5) 85.6(1.6) 76.9(1.3) 73.7(5.3)

MORDAA 96.5(0.1) 91.7(1.5) 86.1(1.8) 80.6(2.1) 76.8(3.1)91.7(1.5) 86.1(1.8) 80.6(2.1) 76.8(3.1)
DeepProblog 96.4(0.2) 89.2(3.5) 77.4(2.8) 53.7(1.3) 39.4(5.4)89.2(3.5) 77.4(5.5) 53.1(3.8) 39.4(5.4)

MBM 96.2(0.2) 93.5(3.1) 90.3(2.4) 88.7(3.2) 85.7(6.7)93.5(3.2) 90.3(2.7) 88.7(3.2) 85.7(6.7)
C-HMCNN 96.5(0.4) 93.6(7.2) 89.7(1.2) 87.6(2.5) 85.0(3.2)93.6(7.2) 89.7(1.2) 87.6(2.5) 85.0(3.2)

AGAIN 96.3(0.5) 92.4(1.2) 93.1(2.3) 93.8(1.9) 91.5(1.7) 94.5(1.6) 93.3(1.7) 93.8(1.4) 92.1(2.1)

MIMIC-III
EWS

CBM 95.7(0.2) 90.4(1.7) 75.7(1.3) 50.4(1.5) 39.8(1.4)90.7(0.9) 75.7(1.3) 50.9(1.4) 30.7(1.5)
Hard AR 96.7(0.3) 78.8(1.5) 69.6(1.3) 53.8(1.7) 45.3(1.6)77.4(1.8) 65.3(1.3) 53.8(3.2) 47.9(2.8)
ICBM 95.6(0.4) 86.5(1.3) 75.0(1.6) 56.8(2.1) 39.3(3.2)86.5(1.7) 77.6(1.4) 56.7(2.1) 30.7(1.9)
PCBM 96.1(0.2) 86.5(1.4) 73.0(1.2) 53.8(2.5) 44.2(2.6)88.4(1.2) 78.7(1.4) 57.8(2.2) 32.6(2.5)

ProbCBM 96.1(0.1) 84.6(1.4) 76.6(1.6) 56.9(1.3) 39.7(3.1)86.8(1.4) 76.9(3.1) 57.4(3.5) 40.3(4.0)
Label-free CBM 96.1(0.1) 86.5(1.2) 76.5(1.6) 65.5(2.1) 40.3(2.3)86.9(0.9) 77.6(4.1) 56.8(6.3) 42.3(7.4)

ProtoCBM 96.7(0.6) 87.6(1.4) 81.4(1.0) 76.4(1.4) 70.8(2.4)87.4(1.2) 81.7(1.1) 76.3(2.1) 69.4(2.4)
ECBMs 97.9(0.2) 88.4(1.2) 79.4(1.3) 70.8(2.6) 65.6(3.2)88.6(2.7) 79.4(2.1) 70.4(5.4) 66.1(4.8)

CBM-AT 94.2(0.4) 90.3(1.2) 85.4(1.3) 78.8(1.9) 60.9(1.9)85.7(2.5) 77.5(2.3) 50.8(3.1) 40.8(3.7)
Hard AR-AT 94.2(0.7) 88.4(1.4) 76.9(1.6) 70.2(2.6) 65.3(3.1)77.5(1.1) 62.1(1.1) 50.7(1.1) 44.2(1.1)
ICBM-AT 92.3(0.4) 90.3(2.1) 86.3(1.9) 86.5(2.7) 71.1(3.5)86.5(2.6) 77.6(4.7) 58.7(6.8) 39.4(9.3)
PCBM-AT 94.2(0.6) 90.3(1.7) 84.4(3.2) 76.9(3.4) 69.2(4.7)81.7(3.7) 75.3(3.3) 54.6(4.1) 42.3(4.9)

ProbCBM-AT 93.0(0.4) 91.8(1.4) 88.4(1.5) 78.8(3.6) 73.0(3.8)86.5(1.4) 76.9(4.8) 56.3(7.4) 40.6(12.8)
Label-free CBM-AT 94.2(0.6) 89.5(1.7) 86.7(1.8) 84.3(3.7) 77.3(3.8)84.2(1.4) 78.9(2.5) 56.7(4.6) 44.2(7.9)

ProtoCBM-AT 94.5(1.2) 89.7(1.1) 81.4(1.0) 76.4(1.4) 70.8(2.4)80.4(1.2) 76.7(4.1) 66.3(2.1) 61.3(5.4)
ECBMs-AT 93.9(0.6) 89.8(4.2) 82.3(2.1) 75.4(2.4) 70.6(2.8)79.6(2.7) 74.2(6.2) 69.2(6.7) 65.9(6.5)

LEN 96.4(0.6) 90.3(2.6) 75.7(2.8) 50.3(3.8) 40.2(7.1)90.3(2.6) 75.7(2.8) 50.3(3.8) 40.2(7.1)
DKAA 96.5(1.5) 96.1(1.6) 87.3(2.7) 79.8(2.1) 75.8(4.7)96.1(1.6) 87.3(2.7) 79.8(2.1) 75.8(4.7)

MORDAA 95.2(1.4) 95.9(2.4) 93.7(2.3) 86.3(1.8) 79.4(4.6)95.9(2.4) 93.7(2.3) 86.3(1.8) 79.4(4.6)
DeepProblog 95.5(1.3) 90.4(1.7) 75.7(1.3) 50.4(1.5) 39.8(1.4)90.4(1.7) 75.7(1.3) 50.4(1.5) 39.8(1.4)

MBM 95.9(0.5) 92.7(4.2) 88.7(2.4) 86.3(1.3) 84.4(5.7)92.7(4.2) 88.7(2.4) 86.3(1.3) 84.4(5.7)
C-HMCNN 96.6(1.2) 94.0(2.6) 92.5(1.6) 85.5(5.7) 83.5(5.2)94.0(2.6) 92.5(1.6) 85.5(5.7) 83.5(5.2)

AGAIN 96.1(0.3) 96.1(0.7) 94.2(1.4) 96.1(1.2) 94.2(1.2) 94.0(2.7) 94.1(6.3) 94.2(2.4) 92.3(4.7)

Figure 5: The impact of the factor graph size on P-ACC and E-ACC across 4 perturbation magni-
tudes on two real-world datasets.

the ground truth explanations for improving the predictive accuracy. Moreover, as the number of fac-
tors inG0 exceeds that ofG (ratio > 1.0), E-ACC begin to converge. This also validates the setting
for the number of factors in the originalG is reasonable. In addition, we report the P-ACC and E-
ACC comparison results of AGAIN on the CUB dataset (see Table 3 and Table 4). The comparison
results of P-ACC and E-ACC on other datasets are provided in Appendix D.5. The results indicate
that AGAIN is optimal for E-ACC on all three datasets. Furthermore, since perturbations do not im-
pact the �nal predictions, the P-ACC remains consistent across different levels of perturbation. The
P-ACC of AGAIN are comparable to the other baselines because the factor graph does not improve
the task predictive accuracy. We present a comparison of E-ACC and P-ACC between the CBM and
AGAIN on the two real-world datasets in Figure 6. The results show that AGAIN achieves higher
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