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Abstract

A prevalent approach to interpretable represen-
tation learning involves creating a mask that
weights the significance of each input feature,
followed by deriving a masked representation
by applying this mask to the input represen-
tation. However, the identifiability of these
learned masked representations is often uncer-
tain, making the origin of these representations
ambiguous or unreliable. Furthermore, the
approaches to interpreting Transformer based
on attention weights have been criticized for
their faithfulness. To address these limitations,
we propose a causal framework that directly
learns identifiable and explainable representa-
tions from attention weights, rather than re-
lying on importance masks. Our framework
leverages identifiability theory and causal repre-
sentation learning to extract explainable repre-
sentations within a subspace of input represen-
tations, effectively transforming frozen repre-
sentation learning methods into self-explaining
systems. Experimental results on real-world
datasets demonstrate that, compared to well-
established state-of-the-art methods, our ap-
proach provides identifiable and more trustwor-
thy explanations while guaranteeing faithful-
ness.

1 Introduction

Explainable AI (XAI) has garnered significant at-
tention as a way to explain model outputs and en-
hance transparency, especially due to the recent
advancements in the Transformer model across var-
ious tasks (Vaswani et al., 2017; Yang et al., 2025).
In natural language processing (NLP), most ex-
isting XAl methods apart from those focusing on
natural language explanations, typically involve
learning a mask that quantifies the importance of
each input feature (Zhao et al., 2024). This mask
is then applied to the original input representation

*These authors contributed equally to this work.
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to derive an explainable representation, referred to
in this paper as explainable masked representa-
tions. However, there is no theoretical guarantee
that these explainable masked representations from
data are identifiable, which is crucial for providing
trustworthy explanations.

Identifiability means that the variables of inter-
est are uniquely determined and expressed through
the true observed distribution (Wu and Fukumizu,
2021), that is, the learned representations are trust-
worthy and derived from data, not meaningless or
erroneous (Lewbel, 2019). Two fundamental crite-
ria for evaluating XAl methods are faithfulness and
trustworthiness, with identifiability being essen-
tial for achieving both. Faithfulness measures how
well an interpretation reflects the decision-making
process actually used by the model, whereas trust-
worthiness concerns whether the explanation is
grounded in a reliable source and whether it re-
mains consistent with human-annotated evidence.
These notions are related but distinct: faithful-
ness focuses on correspondence to model behav-
ior, while trustworthiness emphasizes whether the
learned explanation itself has a well-founded ori-
gin (Xu and Yang, 2025; Zhao et al., 2024).

As a necessary condition for trustworthiness,
identifiability has become increasingly important
in the field of XAl, especially as many methods use
one neural network to explain another (Zaigrajew
et al., 2025; Wu et al., 2023; Zhang et al., 2023;
Mgller et al., 2024). However, most XAI methods
do not ensure that explainable masked representa-
tions from data are identifiable (Xu and Yang, 2025;
Lundberg and Lee, 2017), implying that these meth-
ods may violate both principles. (Zhang et al.,
2023) addresses the identifiability of learned masks,
but does not further consider masked representa-
tions. This raises the question: can masked rep-
resentations be both identifiable and explainable?
Current researches on mask-based interpretability
offer no clear answer.
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XAI methods based on attention weights utilize
the intermediate layer parameters of a neural net-
work to compute feature importance (Xu and Yang,
2025). However, the faithfulness of explanations
for model predictions based on attention weights
is often debated. Studies have shown that self-
attention can exhibit bias towards specific positions
or irrelevant tokens, hindering its ability to accu-
rately reflect model predictions based on the actual
input features (Bai et al., 2021; Serrano and Smith,
2019). Conversely, other studies have suggested
that attention weights can provide faithful explana-
tions in certain contexts (Wang et al., 2025; Jacovi
and Goldberg, 2020). Given that Transformer mod-
els contain multiple layers of multihead attention
and feed-forward network (FFN) layers, directly
weighting and summing these layers to obtain fea-
ture importance inevitably leads to unfaithful ex-
planations.

A fundamental challenge in XAl is ensuring both
trustworthiness and faithfulness in model explana-
tions. A promising approach to address this issue is
to construct interpretable models within a subspace
of input representations, while simultaneously emu-
lating the reasoning process of the black-box model
to achieve more faithful approximations (Jacovi
and Goldberg, 2020).

Motivated by these insights and the principle of
identifiability, we propose a causal surrogate model,
illustrated in Fig.1. This model captures the reason-
ing process of the Transformer within a subspace
of input representations, leveraging recent advance-
ments in causal inference and structural causal mod-
els (SCMs) (Pearl, 2009) to enhance interpretabil-
ity in large language models (LLMs) (Wu et al.,
2023; Zhou et al., 2023). By incorporating non-
linear independent component analysis (ICA) (Hy-
varinen et al., 2019) and identifiable variational
autoencoder (VAE) (Khemakhem et al., 2020a), we
connect causal representation learning with Trans-
former explanation through an identifiable surro-
gate framework.

To provide identifiable explanations for Trans-
formers, we introduce an XAI framework for Trans-
formers, termed the Causal Identifiable Explana-
tion Model (CIEM)!. Departing from traditional
mask-based explanation methods, CIEM leverages
causal representation learning to extract identifiable
and interpretable representations directly from our
proposed causal model. A distinguishing feature of

"https://github.com/LORD-ROY/CIEM

CIEM is its ability to selectively explain different
layers of Transformer models, effectively trans-
forming them into self-explaining systems with
broad applicability to other representation learn-
ing models. CIEM demonstrates the feasibility
of learning identifiable and trustworthy represen-
tations within a subspace of input representations,
which contributes to narrowing the deficiency in
model transparency. Our main contributions are
summarized as follows:

* We first examine identifiability in the evalu-
ation of trustworthiness in explainable repre-
sentations and propose an XAl framework for
Transformers that learns identifiable represen-
tations instead of importance masks.

* We propose a novel causal model (CIEM) to
learn identifiable and explainable representa-
tions, providing theoretically-grounded expla-
nations for Transformers. CIEM integrates
causal representation learning and identifia-
bility theory, ensuring that learned explana-
tions are grounded in the true data distribution
rather than being arbitrary or misleading.

» Extensive experiments demonstrate that, com-
pared to state-of-the-art approaches, CIEM
provides both identifiable and more trustwor-
thy explanations while ensuring faithfulness.

2 Related Work

Recent research has explored neural network-based
XAI methods. One prominent direction is rational-
ization extraction, which employs a selector and a
predictor network to learn coherent and continuous
importance masks (Liu et al., 2025; Yuan et al.,
2025; Zhang et al., 2023; Liu et al., 2022). How-
ever, these approaches are often limited to rational-
ization extraction methods and do not generalize
beyond them. Other studies have aimed to directly
learn masks of important features by designing
frameworks that enhance faithfulness (Sun et al.,
2025; Wu et al., 2023; Nie et al., 2025). (Zhang
et al., 2023) discusses the identifiability of impor-
tance masks but does not address the identifiability
of masked representations. Beyond mask-learning
approaches, prior Transformer explanation meth-
ods also include attention-based attribution, as well
as perturbation and gradient-based attribution meth-
ods (Luo et al., 2024). These lines of work mainly
target attribution quality or faithfulness, whereas
the trustworthiness and identifiability of learned
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Figure 1: The causal DAG representing the data genera-
tion process for CIEM. X is the observational data. A
is the output of a specific layer f;, (-) of the multilayer
representation learning method. Z,, and Z, represent
the weight and value matrices, respectively. Y is jointly
generated by Zy,, Z, and X through f(-). Arrows
represent the causal relationships between variables.

representations are usually left implicit. As a re-
sult, trustworthiness remains a significant gap in
the field. Additional discussions on XAI methods
can be found in the Appendix C.

Causal inference has recently been integrated
into XAl to establish causal relationships between
input features and model outputs (Carloni et al.,
2025; Rohekar et al., 2024; Zhang et al., 2023; Wu
et al., 2023; Xu et al., 2024). (Wu et al., 2023) pro-
poses a causal framework to improve faithfulness,
but it does not analyze trustworthiness or identifia-
bility. Developing a causal approach that ensures
both faithfulness and trustworthiness remains an
open challenge.

Identifiable Representation Learning. The ap-
plication of independent component analysis (ICA)
to representation learning has led to nonlinear ICA,
which has been increasingly applied in causal in-
ference. For instance, (Khemakhem et al., 2020a)
provides a theoretical framework for learning iden-
tifiable representations within variational autoen-
coders (iVAEs). Additional details on the im-
plementation of identifiable VAE (iVAE) (Khe-
makhem et al., 2020a) can be found in the Ap-
pendix B.2.

3 Causal Model in Representation Space
of Attention

3.1 Preliminaries

Notations. We use f, (+) to denote the first £ lay-
ers in a Transformer to be interpreted and f4(X)
represents the final output of the interpreted Trans-
former, where the input X € R™*dm has n tokens,
each with an embedding dimension of d,,. Let f(-)
be an LLM and f,(-) denote its head. The head
layer of the LLM f,(-) maps f4(X) to probability
distributions over the vocabulary or class labels,

such that f(X) = f,(fs(X)). Taking a post-hoc
interpretation, the final output f(X) is denoted as
Y. Throughout this paper, bold uppercase letters
denote matrix variables (e.g., X), while bold low-
ercase letters represent vectors (e.g., b).
Self-Attention mechanism. Each head’s atten-
tion weights are computed identically as follows:

XWqQWxXT
Vg

where Wq, Wk € Rimxdk and Wy €
R?m*dv are neural network parameters.

Structural causal model. A structural causal
model (SCM) is defined as a directed acyclic graph
(DAG) consisting of nodes and edges (Pearl, 2009).
Each node represents either an exogenous or en-
dogenous variable, while each edge signifies a
causal relationship between two variables. A for-
mal definition of a structural causal model is pro-
vided in the Appendix B.1. The causal diagram for
our model is shown in Fig. 1.

Attention = softmax( )XWy, (1)

3.2 The Proposed Causal Model for Attention
Representation Learning

Relying solely on the attention weights in Eq 1 may
not offer a faithful explanation of the model’s pre-
dictions, since fy, (X) incorporates the outputs of
FEN layers—particularly in advanced Mixture of
Experts (MoE) models, which contain numerous
such layers (Liu et al., 2024). To better understand
the reasoning process of the self-attention mech-
anism in Eq. 1, we define the weight matrix pro-
duced by the softmax(-) function as Z,, € R™*",
and denote the value projection matrix W+, as Zy,.
Here, Z, (i, j) denotes the importance of the j-th
token to the i-th token. Given the original input
X, the matrix product Z., X integrates the rela-
tive importance of different tokens, and the subse-
quent linear transformation by Z,, yields the final
attention-based representation.

Based on the above analysis, we propose an in-
terpretable module to learn representations Z, and
Z, through fy (X) for each Transformer layer,
rather than relying solely on the self-attention out-
puts. This distinction is important because directly
extracting or reweighting the original attention
components may inherit biases from raw attention
and does not place the explanation in an identifiable
surrogate framework. CIEM instead learns Z, and
Z, as latent variables aligned with the behavior of
the interpreted Transformer, so that the resulting
explanation can be analyzed for both faithfulness
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Figure 2: Overview of the CIEM Framework. A frozen
representation learning model is presented on the left,
while a pluggable CIEM module is shown on the right,
together forming a self-explaining system. All arrows
indicate the flow of information within this system. Blue
components represent the structures and parameters
used during inference, whereas green components de-
note the additional structures and parameters utilized
during training. Ny refers to a specific layer in the
Transformer. The Decoder, Prior, and Encoder in the
CIEM module correspond to Eq. 5, 6, 7, respectively.

and identifiability. For instance, one may augment
only f4(-) with such an interpretable module, or
apply distinct interpretable modules to each fg, (-).
We further provide a theoretical guarantee that the
representations Z., and Z,, learned by our CIEM
model are identifiable in Sec. 4.

We now discuss how to ensure that the interpre-
tation module to have a reasoning process similar
to that of the interpreted Transformer. Fig. 1 illus-
trates the reasoning process of our proposed inter-
pretable module. The graph explicitly separates
attention-related and value-related factors while re-
taining their joint influence on the final prediction.
This separation is useful because it makes it pos-
sible to analyze how token interaction and value-
related information contribute to the output within
a tractable framework, without claiming that the
original Transformer itself exposes explicit causal
variables. A denotes the attention representation
f4,(X) given X, while the weight matrix Z, and
the value matrix Z, are potential factors learned
from the input representation X with the auxiliary
of Ag. The final output Y is determined by the
combination of Z,, Z, and X. The underlying
causal mechanisms are formalized as follows:

A= fqbk (X)v Zw=q (X, Ak)v )

Z, = Q2(X7 Ak)v Y = fh(ZW7 X, ZV)7
where g1 (+) and g2(+) denote the underlying causal
mechanisms, and A} is derived from the inter-
preted fy, (). Although X in Fig. 1 is not a direct
cause of Ay, Ay, can be derived from fy, () with-
out requiring any additional processing. Therefore,
A, is directly utilized in our model. Eq. 2 illus-
trates the source of Ay. Y stems from f3(-) and
will be used as a condition in the data generation
process in Sec. 4. Additionally, we transform the
potential exogenous variables into additive noise
in Eq. 5. Overall, f(-) is transformed into a self-
explaining system by integrating an optional inter-
pretable module, while keeping all parameters of
the original model fixed.

The importance score of the j-th token across all
tokens can be obtained by summing the values in
the j-th column of the weight matrix Z,. Formally,
the importance score for token j is given by:

S(z;) = Norm( > Zwl(i,j)), j=1,---,n (3)

i=1

where the index pair (i, j) denotes the role of the
j-th token with respect to the i-th token, and
Norm refers to Maz-Min normalization. Let
S = {S(x;) }1<j<n denote the set of importance
scores for all tokens, which corresponds to the
mask produced by the relevant interpretability
method. Z, is treated in CIEM as a value-related
latent representation rather than as a directly visu-
alized token-level explanation. Accordingly, we
do not evaluate Z. in isolation. Instead, its ex-
planatory role is assessed indirectly through the
composite representation Z = Z (XZ, ) and its
ability to preserve the prediction behavior of the
original model.

The overview of CIEM model is presented in
Fig. 2, where the parameters of the interpreted
Transformer are fixed. The decoder, prior, and
posterior, represented by trapezoids, are all neural
networks designed to learn the distinct distribu-
tions of Zy, and Z,, corresponding to Eq. 5, 6, 7
in Sec 4.1, respectively. Appendix B.2, D.2 details
the implementation of distinct distributions for the
learned representations. The green components are
used for training, while only the blue components
are required for inference. In Sec.4, we will ex-
plain the right half of Fig.2 and the data generation
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process shown in Fig.1, and provide a theoretical
justification for the identifiability of our generative
model.

4 Identifiability and Faithfulness
4.1 Generative Model and Identifiability

CIEM introduces an auxiliary generative model
not to replace the explained Transformer, but to
construct a surrogate representation space in which
identifiability can be analyzed. In particular, the
auxiliary variable A = f,, (X) is needed to de-
fine a conditional prior over latent variables, since
unconditional latent-variable models are generally
unidentifiable (Khemakhem et al., 2020a). The con-
ditional variable Y = f(X) further ties the learned
representation to the prediction being explained, so
that the surrogate representation remains aligned
with the behavior of the original model. Our objec-
tive is to learn a generative model on an augmented
dataset D = {(X;,Y;, A¥)}¥, and to jointly gen-
erate representations Z,, and Z, simultaneously,
following the causal schema illustrated in Fig.1.
Here, AF refers to fs, (X;) given a pre-trained
Transformer, and Y; is the output of the overall
model f(X;). The training dataset D is thus de-
termined by the input X and the interpreted Trans-
former fy, (). Directly learning Zy, and Z, is
nontrivial due to their structural complexity. To ad-
dress this, we adopt a factorized learning strategy.
Specifically, rather than learning Z. directly, we
learn the product XZ, € R"*%n which provides
a more interpretable and accessible representation
compared to the raw network parameters in Zs,.
For Z.,, we introduce two low-rank matrices Zya
and Zwp, € R™*", and define Z,, as their matrix
product: ZwpZwa® . This formulation enables the
simultaneous learning of Z, and Z, through the
composite representation Zy (XZy ). To simplify
the presentation, we denote the composite represen-
tation Zw (XZy) as Z,i.e., Z = Zw(XZy ), where
the dimension of Z is d,, := dim(Z) = 2r + d,y,.

we specify our generative model py(X,Z| A,Y)
in Eq. 4 and show its identifiability. For simplicity,
A will be used in place of Ay in the subsequent
equations.

pg(X‘ Z,Y) :pE(X—g(Z,Y)) (5

p/\(Z’ AvY) ~ N(Z;/},(A,Y),O'2<A,Y)) 6)

where 0 := (g, u, o) represents the set of model
parameters, and A and Y are treated as auxiliary
and conditional variables, respectively. The con-
ditional prior distribution over the latent variable
Z is denoted as p)\(Z | A,Y) and is defined as a
factorized Gaussian belonging to the exponential
family. Its natural parameters depend on A and
Y, givenby A(A,Y) := (4, —51;). The decoder
pg(X| Z,Y") implies that X can be decomposed as
X = g(Z,Y) + €, where € denotes a noise term
that is independent of Z, Y, and ¢(-), and follows a
distribution p.(¢). The latent representation Z used
in g(Z,Y") is sampled from the posterior distribu-
tion, ensuring that it is dependent on the observed
input X, thereby improving the efficiency and rele-
vance of the generative process. As defined in Eq.7,
the posterior distribution over Z (i.e., the encoder)
is modeled as a factorized Gaussian. This poste-
rior integrates the generative mechanisms ¢ (-) and
q2(+) as described in Eq.2.

ad(Z| X,A,Y) ~ N(Z; 1/ (X,A,Y),0*(X,A,Y)) ()

To optimize our CIEM model, we derive a modi-
fied evidence lower bound (ELBO) based on the
standard VAE formulation:

log po(X|A,Y) > L(0,k) :=Ez~qlogpy(X| Z,Y)

8
 Dir(a(ZIX, A, Y)[pr(ZIA,Y)) >

where Dy represents the Kullback-Leibler
(KL) divergence. Since both the conditional
prior px(Z|A,Y’) and the conditional posterior
q(Z|X,A,Y) are factorized Gaussian distribu-
tions, the decoder py(X|Z,Y’), which represents
the likelihood distribution given the posterior of Z,
is also defined as a factorized Gaussian distribu-
tion. For the explicit formulation of py(X | Z,Y")
and the simplified expression of the ELBO in Eq.8,
please refer to AppendixD.2.

Note that A is a required auxiliary variable,
while Y is an optional conditional variable. Specifi-
cally, our method can be applied without condition-
ing on Y if the explained model does not include
a head layer. However, in practice, the explained
model typically contains a head layer, so we condi-
tion on Y to ensure that the learned representation
Z is more closely tied to the model’s output. In our
framework, Y is generated by the representation
Z through the head layer fj(-) of the explained
model, without the need for additional training pa-
rameters. This approach enhances the faithfulness
of the learned representations. For details on the
implementation of the unconditional schema and
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further information on auxiliary and conditional
variables, refer to Appendix D.2. The identifia-
bility result in this section applies to the CIEM
surrogate generative model in Eq. 4, rather than to
the full Transformer itself. Our goal is to charac-
terize when the learned latent representation Z is
identifiable within this surrogate framework while
staying aligned with the explained model. Building
on the theory of iVAE (Khemakhem et al., 2020b),
the identifiability of our model is formally defined
as follows.

Definition 4.1. Let 6 and 0 be two parameters in
the model parameter space ©, and ~ be an equiv-
alence relation on ©. We say that the generative
model in Eq. 4 is identifiable if 6 and 6 satisfy the
following condition:

V0,0 €0:pe(X|A,Y)=p;(X|A,Y)=0~0 (9

Suppose 6 and 0 are the true and learned parame-
ters, respectively. If the conditional marginal dis-
tributions of 6 and @ are identical, then their condi-
tional joint distributions must also be the same, i.e.,
po(X,Z|A,Y) = ps(X,Z|A,Y), which implies
that the learned representation Z is trustworthy.
The equivalence relation ~ on © is defined by our
model parameters.

Definition 4.2. The equivalence relation ~ on
O is defined as

3Q, b,

4 _— (10)
g (X,Y)=Qg (X,Y)+b,V(X,Y) €D,

where Q is an invertible d, x d, diagonal matrix
and b is a d,-dimensional vector.

We ensure that the conditional marginal distribu-
tions of @ and @ are approximately the same through
Eq. 8. If # and 6 satisfy the condition in Eq. 10,
they will satisfy Eq. 9. This, in turn, implies that
the generative model defined in Eq.4 is identifi-
able, thereby establishing the trustworthiness of the
learned representation Z. The following theorem,
inherited from iVAE (Khemakhem et al., 2020b),
states the conditions under which our model satis-
fies Eq. 10 and thus ensures identifiability.

Theorem 4.1. If the generative model defined in
Eq.4 satisfies the following conditions:

(i) The function g in Eq.5 is injective.
(ii) The function g in Eq.5 is differentiable.

(iii) A(A,Y) is non-degenerate, i.e., there ex-
ist 2d,+1 points (A(),Y()),(Al,Yl), e

(A.de+1,Y2dz+1) € D such that the 2d, x
2d, matrix L := [y, -+ ,724.] is invertible,
where y; == A(A;,Y;) — M(Ao, o).

Then the parameters 6 and 6 satisfy Eq.10.

The identifiability of our model ensures that the
true parameter 6 can be identified (learned) by 6
up to an affine transformation. For a detailed proof,
see Definition 4.2 and Theorem 4.1 in the Ap-
pendix A. Appendix D.2 provides a more in-depth
discussion of how identifiability plays a critical role
in interpretable methods. Practically, condition (i)
is compatible with Transformer models built from
continuous operators and smooth activations such
as GELU or SwiGLU; condition (ii) is satisfied by
any network capable of backpropagation; and con-
dition (iii) requires sufficiently rich auxiliary and
conditional variation together with enough data to
identify the latent structure. These are sufficient
conditions for the identifiability of the CIEM sur-
rogate generative model, rather than claims that
every regular LLM automatically satisfies them ex-
actly. In practice, some modern Transformer mod-
els may approximate these conditions well enough
for CIEM to be useful, while violations can still
arise for models with strongly non-injective activa-
tions, insufficient training, or inadequate data.

4.2 Faithfulness Module

The importance mask S, generated by Eq. 3, is used
to enhance the faithfulness of Z, and to promote a
clear distinction between Z., and Z,. The masked
representation produced by S should yield attention
outputs that closely resemble those produced by
the original representation (Mgller et al., 2024). In
other words, when passed through the attention
mechanism fy, (-), both the masked and original
representations should result in similar outputs. To
quantify this similarity, we define the following
distance measure:

Dis(S, k) = cosine(fg, (S © X), fs, (X)) an

where © denotes element-wise product, S ® X is
the masked representations for mask S, and cosine
is cosine similarity. Incorporating this faithfulness
module into the generative modeling process, we
define the final loss function of our CIEM frame-
work as:

o [t0i) a0 it ] o

where L(y,¢) is an optional cross-entropy loss
withy = f(X) and § = fr(Z), and o, 7 > 0 are
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Explanation 1

Explanation 2

Explanation 3

Methods
Acc()  P(T) R FI(M Acc()  P(T) R FI(M Ace(t)  P(T) R FI(M
LIME 60.4 29.78 44.69 35.74 60.12 27.07 43.68 33.43 60.48 26.82 4432 3342
KernelSHAP  57.84 2632 3949 31.59 58.3 24.61 39.71 30.39 58.99 2481 4099 30091
1G 59.47 28.53 42.80 34.24 59.86 26.72 43.11 32.99 60.22 2647 43.73 3298
RawAttention 56.09 2396 3595 28.75 56.18 21.75 35.09 26.85 57.02 22.15 36.6 27.6
Occlusion 61.11 30.74 46.12 36.89 59.94 26.82 4327 33.12 60.4 26.72 44.15 33.29
CIMI 65.23 36.31 54.48 43.58 66.21 3531 5697 43.6 65.82 34.05 56.27 4243
CIEM(our) 68.24 40.38 60.59 48.46 69.7 39.98 64.51 49.36 68.83 38.12 6299 47.5

Table 1: Trustworthiness results (%) on manually labeled datasets with the top 40% of the importance mask used

for evaluation.

1 —@— CIEM1
CIEM 2
1 —@— CIEM 3
—o— average

/

Test F1 Score

8 16 32 64 128
r

Figure 3: F1 scores of CIEM on test sets with different

values of r, while keeping o and 7 at their initial values
of 1.0.

weighting hyperparameters that balance the ELBO
and faithfulness terms.

5 Experiments

5.1 Experimental setup

Datasets. e-SNLI (Camburu et al., 2018) is uti-
lized to assess trustworthiness, combining its con-
tradiction and entailment annotations for evalua-
tion. Faithfulness experiments are conducted on
SST-2 (Socher et al., 2013), IMDB (Maas et al.,
2011), and two categories of AGNews (Zhang et al.,
2015). Data processing details are in Appendix E.1.

Metrics. For the trustworthiness experiments,
we evaluate the generated explanations based on
Accuracy, Precision, Recall, and F1 score, assess-
ing how closely the explanations align with man-
ually labeled important features. For the faithful-
ness experiments, we adopt Comprehensiveness
(COMP) (DeYoung et al., 2020) and Sufficiency
(SUFF) (DeYoung et al., 2020) as the primary met-
rics for faithfulness (Chan et al., 2022). COMP
and SUFF assign zero to the rows corresponding
to the N most and N least important features in the
original representation, respectively, and compare
the changes in output probabilities before and af-
ter removal. COMP evaluates the importance of
the key features, while SUFF assesses the insignif-

icance of the unimportant features. However, we
observed that using a fixed selection of N features
across different datasets led to suboptimal results
for longer datasets. To address this, we optimized
the experimental setup by selecting N% of the most
and least important features, ensuring that N% is
less than 50% to avoid overlap in feature selection.
This adjustment improves fairness across datasets.

Fig. 4 illustrates the trend of F1 scores as the
percentage of selected tokens increases. The re-
sults show that the F1 scores of CIEM and CIMI
consistently improve when the selected percentage
is below 50%. This suggests that the percentage
of highlighted tokens does not significantly affect
the relative performance between methods. Addi-
tional trends and an explanation for selecting the
Top-40% of important features can be found in
Appendix E.2.

Table 3 shows example explanations generated
by the different methods, and more examples can
be found in Appendix E.6. These qualitative exam-
ples provide illustrative support for the quantitative
results, but they do not replace a dedicated human
evaluation protocol.

5.2 Sensitivity Analysis and Ablation Studies

Ablation studies are conducted sequentially on the
parameters 7, 7, and «. First, sensitivity experi-
ments are performed on r, with o and 7 fixed at
an initial value of 1.0. Fig. 3 shows the experimen-
tal results for different values of  on the test sets.
The results indicate that both excessively small and
large values of r yield suboptimal outcomes. Based
on these observations, we select r = 32 as the opti-
mal value.

Next, we conduct an optimization process over
a broad range of 7 values to investigate how the
scaling relationship between 7 and « influences the
results. Finally, we refine our search by experiment-
ing with a narrower range of « values to identify
the optimal . Appendix E.3 presents the results
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Methods e-SNLI SST-2 IMDB AGNews
COMP(T) SUFF() COMP(1) SUFF() COMP(T) SUFF() COMP(T) SUFF)
LIME 0.445 0.347 0.396 0.118 0.205 0.173 0.13 0.058
KernelSHAP 0.382 0.381 0.285 0.189 0.197 0.207 0.106 0.067
1G 0.579 0.224 0.464 0.097 0.431 0.047 0.325 0.004
RawAttention 0.172 0.506 0.248 0.252 0.231 0.227 0.153 0.091
Occlusion 0.534 0.266 0.321 0.103 0.194 0.087 0.103 0.004
CIMI 0.688 0.244 0.648 0.037 0.684 0.042 0.401 0.004
CIEM(our) 0.618 0.174 0.646 0.047 0.64 0.041 0.414 0.012

Table 2: Faithfulness results on real-world datasets, with the best overall method highlighted in bold.
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Figure 4: Test F1 scores of CIEM and CIMI with differ-
ent percentages of highlighted tokens whenr = 32, =
0.9, 7 = 1.0.

of these ablation studies, showing that the optimal
values for o and 7 are 0.9 and 1.0, respectively.

Additionally, Appendix E.3 includes experi-
ments with « = Oand 7 = 0. When 7 = 0,
our model becomes a purely VAE-based causal rep-
resentation learning model, and the experimental
results still outperform the baseline methods in Ta-
ble 1. However, when o = 0, the results decline
significantly, indicating that identifiability theory
and causal inference play a crucial role in learning
trustworthy explanations.

Baselines. We compare CIEM against several
well-known and recent methods. CIMI is a re-
cent causality-inspired model for learning impor-
tance masks (Wu et al., 2023). Raw attention
uses attention weights to quantify feature impor-
tance (Vaswani et al., 2017). LIME (Ribeiro et al.,
2016), Occlusion (Zeiler and Fergus, 2014) and
KernelSHAP (Lundberg and Lee, 2017) are widely
recognized interpretable methods. Integrated Gra-
dients (IG) calculates feature importance based
on gradients (Sundararajan et al., 2017). A brief
introduction to the baselines is presented in Ap-
pendix B.3.

Implementations. For a fair comparison, we

use the open-source version of BERT-base-
uncased (Devlin, 2018) with a head layer (MLPs)

as the target model for explanation, where we ex-
plain fy4(-). This choice keeps the comparison with
baselines controlled in the main experiments, and
the reported results in this paper therefore focus
on explanations of the final layer rather than a sys-
tematic comparison across multiple layers or larger
Transformer backbones. For calculating the COMP
and SUFF metrics, we use N% values from [10, 20,
30, 40, 45]. The parameters «, 7, and r are set
to 0.9, 1, and 32 after optimization, respectively.
Additional implementation details can be found in
Appendix D.1.

5.3 Trustworthiness and Faithfulness
Experiments

We perform trustworthiness experiments using
three manually labeled explanation sets derived
from the e-SNLI dataset. The details of these sets
are provided in Appendix E.1, Table 5. Since e-
SNLI provides manually labeled evidence at the
token level, the resulting Accuracy, Precision, Re-
call, and F1 scores should be interpreted as mea-
suring agreement with annotated tokens rather than
as a full human-centered evaluation of explanation
quality. For the generated importance mask S, we
select the Top-40% of features to calculate the met-
rics, as shown in Table 1.

For the trustworthiness experiments, as shown
in Table 1, our method consistently outperforms
all other methods across all metrics for all three
manually labeled datasets. By leveraging attention
information in a more rational and efficient manner,
our approach generates identifiable representations
that can be interpreted as clear and relevant expla-
nations for the original input. Because these met-
rics evaluate agreement with manually annotated
evidence, the results suggest that CIEM identifies
tokens that are more consistent with standardized
human rationales on e-SNLI. At the same time,
they should be interpreted as relative evidence un-
der a token-level proxy rather than as a complete
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CIEM

LIME

IG

RawAttention

Label: entailment
Pred: entailment
Premise: A woman is

petting a dog outside.
Hypothesis: A person

and an animal are
interacting out of
doors.

Label: entailment
Pred: entailment
Premise: A is

petting a dog
Hypothesis: A person
and an animal are

interacting of

Label: entailment
Pred: entailment
Premise: A woman is

petting a dog outside.
Hypothesis: A person

and an animal are
interacting out of
doors.

Label: entailment
Pred: entailment
Premise: A woman is

petting a dog outside.
Hypothesis: A person

and an animal are
interacting out of
doors.

Table 3: Examples of explanations generated by four different methods. Each example evaluates the relationship
between the Premise and Hypothesis (contradiction or entailment). The underlined portions highlight the important
features that have been manually annotated, while the features in different colors represent explanations generated

by the four methods.

assessment of human explanation quality.

In the faithfulness experiments, as observed in
Table 2, our method continues to outperform most
other methods across the majority of metrics on
four real-world datasets. COMP and SUFF met-
rics reflect the ability of an interpretable method to
identify significant and insignificant features within
the explained model. These results highlight the
competitive edge of our proposed method com-
pared to state-of-the-art interpretable techniques
that prioritize faithfulness. A key strength of our
approach lies in the identifiability and trustworthi-
ness of the generated explanations. By focusing
on both faithfulness and identifiability, our method
ensures that the identified representations not only
significantly influence model predictions but also
have a clear and reliable origin. Importantly, CIEM
is not designed to optimize only a single attribution
score. Instead, the empirical pattern is consistent
with our overall objective: competitive faithfulness
is maintained while trustworthiness and identifia-
bility are explicitly strengthened. This also helps
explain why some scores should be read as part of
a trade-off rather than as an attempt to dominate
every baseline on every metric.

5.4 Evaluation and Computational Efficiency

The trustworthiness and faithfulness experiments
have demonstrated the ability of Z, to reliably and
accurately capture the crucial features used by the
interpreted Transformer for prediction. Because Z,
is a value-related latent representation rather than
a standalone token-level attribution, we evaluate
it indirectly through the composite representation
Z = Z(XZ,). Table 4 shows that the accura-
cies of f(X) and f5(Z) are very close, indicating

that the learned representation preserves the pre-
dictive behavior of the original model and that Z,,
contributes useful value-related information to the
explanation.

Experiments on synthetic datasets in the Ap-
pendix E.5 demonstrate the identifiability of our
model and explain why our identifiability generally
does not extend to other baseline methods.

Furthermore, results in Appendix E.4 indicate
that our model is computationally efficient, making
it a practical solution for real-world applications.
Considering both computational efficiency and the
long datasets in Table 4, CIEM demonstrates good
scalability.

6 Conclusion

In this paper, we propose a causal framework, the
Causal Identifiable Explanation Model (CIEM),
designed to transform multi-layer representation
learning models, such as Transformers, into self-
explaining systems. Unlike traditional methods that
rely on masked representations, our approach lever-
ages identifiability theory and causal representation
learning to derive identifiable representations, en-
suring that the learned explanations are both inter-
pretable and trustworthy. Extensive experiments on
both real and synthetic datasets demonstrate that,
compared to state-of-the-art methods, CIEM con-
sistently produces more trustworthy and reliable
explanations while guaranteeing faithfulness. Our
findings highlight the importance of identifiability
in enhancing model interpretability and trustwor-
thiness.
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Limitations

The identifiability of CIEM’s explanation requires
the model to be interpreted to satisfy the three as-
sumptions outlined in Theorem 4.1. These assump-
tions are sufficient conditions for the CIEM surro-
gate generative model rather than guarantees for
every explained model, and violations may reduce
explanation effectiveness. In addition, CIEM in-
troduces extra training cost through its auxiliary
generative model. Empirically, our study is lim-
ited to BERT-base-uncased, does not yet cover
some stronger attribution-style baselines or system-
atic layer-wise analysis, and evaluates trustworthi-
ness mainly through e-SNLI token-level agreement
rather than full human evaluation.
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Appendix: Trustworthy and
Explainable Causal Representation
Learning in Transformers

This appendix accompanies the paper To-
wards Trustworthy and Explainable Representation
Learning in Transformers. It provides additional
details on the proof of the theorems, backgrounds,
related work, model implementations and experi-
ments.

A Proof

A.1 Proof of Equivalence Relation

g~ ' and g~ satisfy Eq. 10, so ~ is reflexive.

If g~! and §~! satisfy Eq. 10, g~! and ¢~ ! sat-
isfy Eq. 10 since Q is invertible. ~ is symmetric.
Letg L, g, g'eO st go! ~ g 'and
gfl ~ gil. Then 3 Q1, Q2 and by, bs s.t.
g ' X, Y)=Q1 5 '(X,Y) + by and
§HX,Y)=Q2g '(X,Y) + b2
=Q2Q; (97 (X,Y) —b1) + b2
= QZ QIlg_l(X7Y)
~Q2Q;" by + b
=Qs9 '(X,Y) +bsg

1

(13)
Thus g~' ~ §~'. ~ is transitivity. Eq. 10 is an
equivalence relation.

A.2 Proof of Theorem 4.1

The proof of Theorem 4.1 is roughly equivalent
to Theorem 1 in (Khemakhem et al., 2020a), with
the difference that we learn the latent representa-
tion conditional on Y. Maximizing the conditional
marginal distribution of X in Eq. 8 yields the ex-
istence of two sets of parameters (g, \) and (g, \)
such that p, \(X|A,Y) = pg,Z\(X‘A?Y) for all
points (X, A,Y’). Then, the integral form of the
conditional marginal distribution:

/ PA(ZIA, Y )py(X|Z, Y )dz
z (14)

_ /Z ps(ZIA, Y )ps(X|Z,Y)d=

Py and pg can be transformed into additive noise
forms in Eq. 5. Using (¢) and (i¢) from Theorem 1,
variable substitution is performed on Z:

/ PAZIAL Y )pe(X — g(Z,Y))dz
z (15)
- /Z P3(ZIAL Y )pe(X — §(Z.Y))dz

/ka(g_l(i, Y)IA,Y) vol(J,-1(X,Y))p(X — X)dx

— [ p@ R YA vl 1 (5 )X - R

" (16)
In Eq. 16, J represents the Jacobian matrix and
vol(C) = VCCT We introduce

Pg,i(i)
=357 (X Y)AY) vol (J51 (%, Y))Lx (X)
(17)
on g and g. Then
[ Pa®m(X - xyix
Rexdm (18)

B /]Rnxd ngs\(i)pf(x - i)di

By applying a convolution operation to both sides
of Eq. 18, we obtain Py (x) = P; 5(x) where
x is a general variable. The detailed convolution
operation can be easily obtained by referring to
Sec. B.2.2 in (Khemakhem et al., 2020a). P, »(x)
or P; 5(x) is a noise-free equation, i.e., we trans-
form the conditional marginal distribution with
noise (Eq. 14) into a noise-free distribution.

Meanwhile, (071X, Y)|AY) and
p5 (371 (X,Y)|A,Y) are defined in Eq. 6
as a factorized Gaussian distribution with
natural parameters A(A,Y) and M(A,Y),
respectively. T(Z)=(Z, Z%) is a suffi-
cient statistic for p)(¢7'(X,Y)|A,Y) and
p5 (371X, Y)|A,Y). The condition (iii) of Theo-
rem 1 assumes that there exists 2d,+1 data points
(A0, YD), (A1, Y1),...,(A2q,41,Y2q,41) € D
that satisfy Eq. 17. We insert each of these 2d.+1
data points into the equation Py \(x) = P; 5(x).
Subsequently, the logarithm of both sides of each
equation is taken. We subtract the logarithmic
equation for the first data point (A, Yy) with each
of the last 2d, logarithmic equations to obtain 2d,
equations. Forthe ¢ = 1,--- | 2d, equation with
7i(A4,Y:) = A(A,Y;) — A(Ao, Y0),

(T(g7'(x,Y7)), 7i(A;, V7))
=(T(57'(x,Y3)), %(A1. Y7))
+ B(A,Y;) — B(Ao, Yo)

(19)

where 5(Aj, Y;) is the portion of each logarithmic

equation that does not contain g~ or §.
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The invertible matrix L := [y1, - - -, 724,] is de-
fined in condition (4i7) of Theorem 1. Represent
the 2d,, equations in Eq. 19 as matrix form:

L" T(g~ (x, ¥)) = L7 T(57 (x,Y})) + ¢
T(g7 (x,Yi) = L7 E7 T(57' (x, Y1)

+L Tm
T(g7'(x,Y) =GT(7 ' (x,Yi) +n
: (20)
where G = L7 LT n = L 7" mand m =
[B(A1,Y1) — B(Ag, o)+, B(Aga,,Y2a.) —

B(Ao, Yp)]T. Following a similar decomposition
process as Appendix B in (Sorrenson et al., 2020),
the invertible matrix G can be blocked as:

_(Q O
G- (U &
where Q is an invertible d, x d,diagonal matrix.
Then, rewriting Eq. 20

((gg:(%}?))f) B <8 S2> ((;:11((;(7,1?)))2)

21

(22)
b
()
Finally, it can be obtained that
g XY)=Qs (X, Y)+b (23

where b is a d,-dimensional vector.

B More Background

B.1 Structural Causal Model

A structural causal model (SCM)(Pearl, 2009) pro-
vides a formal representation of causal mecha-
nisms. Formally, an SCM is defined as a tuple
{U,x,F, P(U)}, where U denotes a set of exoge-
nous variables, X’ represents a set of endogenous
variables, F comprises a set of deterministic func-
tions. Each function f € F describes the value
of an endogenous variable X € & as a function
of its direct causes. P(U) denotes the probability
distribution over an exogenous variables U € U.
Let Pa; and U; be all direct causes and exogenous
variables of the endogenous variable X, respec-
tively, and f; € F be its causal function. X; can
be obtained from f;(Pa;, U;). All endogenous and
exogenous variables, along with the directed edges
representing causal relationships, constitute a di-
rected acyclic graph (DAG).

B.2 VAE, CVAE and iVAE

A conventional  variational  autoencoder
(VAE) (Kingma, 2013) is a generative model
that learns a latent representation of observed
data X. A plethora of VAE variants have been
proposed to extend the capabilities of the basic
VAE model (Khemakhem et al., 2020a; Sohn et al.,
2015). Viewing model optimization through a
statistical lens, VAE can be conceptualized as an
autoencoder augmented with a regularization term.
Specifically, the VAE employs variational Bayes to
reconstruct the evidence lower bound (ELBO) of a
standard autoencoder. The ELBO of log-likelihood
is obtained as:

logp(x) > log p(x) — Drr(q(z]x)||p(2]x))
= E.nglogpy(x]z) — Drr(gs(z|2)[p(2)).
(24)

The encoder ¢, (z|x) is designed to approximate
the true posterior distribution p(z|z) of the latent
variable z given the observed data x. The de-
coder py(z|z) is employed to generate a new data
point £ by decoding a latent variable z that is sam-
pled from the approximate posterior distribution
qs(2|z). Dk, represents the KL divergence. Both
the decoder and encoder are typically parameter-
ized by neural networks. The first term of Eq. 24
can be simplified to the mean squared error be-
tween the newly generated data point  and the
original data point x. Since both the variational
posterior ¢, (z|z) and prior p(z) are defined as fac-
torized Gaussian distributions, the second term of
Eq. 24 is also straightforward to compute. There-
fore, Eq. 24 can be simplified into an efficient and
easily computable form (Kingma, 2013).

Conditional VAE (Sohn et al., 2015) enhances
the correlation between the learned representation
and a conditional variable C' compared to the stan-
dard VAE, enabling the latent representation to
generate data corresponding to the given variable
C. The variational ELBO of CVAE is derived as:

log p(x|c) > E,qlogp(z|z,c)

~ Dira(de.p(zle).

Since the encoder has captured the dependency
between the condition C' and the latent represen-
tation, CVAE assumes a standard normal prior
z ~ N(0, ), as in the standard VAE.

1iVAE (Khemakhem et al., 2020a) introduces a
novel framework for VAE identifiability by lever-
aging nonlinear ICA and an auxiliary variable w,
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resulting in the first identifiability results for VAE.
The variational ELBO of iVAE is derived as:

log p(x|u) >Enqlogpy(z]2) 26)
— Dir(q(zlz, u)|lpa(z|u),

where, as mentioned, X = f(Z) + ¢, where Z
follows an exponential family distribution with suf-
ficient statistic 7" and natural parameter A(U ), and
€ represents additive noise. Unlike the CVAE, the
decoder of iVAE is conditioned solely on the la-
tent variable Z, reflecting an independence assump-
tion between the input X and the generative pro-
cess (Khemakhem et al., 2020a). The model is
identifiable if its functional parameters (f, T, \)
can be uniquely recovered from the data, up to
some trivial transformations, ensuring a meaning-
ful interpretation of the learned model.

B.3 A Brief Description of the Baselines

The main ideas behind the baselines are as follows.

* LIME (Ribeiro et al., 2016) samples points
around a specified input example and uses
model evaluations at these points to train a
simpler interpretable model, such as a linear
model.

* KernelSHAP (Lundberg and Lee, 2017) com-
putes Shapley Values by weighting the ker-
nel and regularisation terms within the LIME
framework.

* Integrated Gradients(IG) (Sundararajan et al.,
2017) approximates the integral of the gradi-
ent of the model output to assign an impor-
tance score to each input feature.

* Occlusion (Zeiler and Fergus, 2014) replaces
one token at a time with a reference value and
measures the impact on model performance
to assess the importance of each token.

e RawAttention (Vaswani et al., 2017) calcu-
lates feature importance by weighting and
summing the attention weights in Trans-
former.

* CIMI (Wu et al., 2023) is a causality-inspired
framework designed with three faithfulness
modules for enhancing the faithfulness of ex-
planations.

C More Related Work

XAI Methods. A common and effective approach
to generating feature importance in XAl involves
using attention weights. Several studies have as-
sessed feature importance through weighted sum-
mation scores of raw attention and applied this
method to tasks such as sentiment classification
and question answering (Mao et al., 2019; Shen
et al., 2018; Wang et al., 2018). However, raw
attention can contain redundant information (Bai
et al., 2021), prompting the development of im-
proved attention attribution methods to explain self-
attention mechanisms more effectively (Hao et al.,
2021; Tran et al., 2021). (Chrysostomou and Ale-
tras, 2021) introduces a task-scaling mechanism
to enhance the faithfulness of attention-based ex-
planations, while (Rohekar et al., 2024) models
self-attention as a structural equation model spe-
cific to each input sequence.

Interpretable methods for NLP tasks. Inter-
pretable methods in NLP based on feature impor-
tance can be classified into four categories depend-
ing on the way the feature importance is calcu-
lated (Luo et al., 2024). The input perturbation
methods perturb the input representations via a bi-
nary mask, and then utilize the perturbations and
the corresponding outputs to train a transparent sur-
rogate model (Ribeiro et al., 2016; Lundberg and
Lee, 2017). Since these perturbations consider each
feature as independent, the faithfulness of the input
perturbations is questioned. The rationale extrac-
tion methods train a selector for selecting coherent
and consecutive rationales, and then train a predic-
tor to predict the correct outcome (Lei et al., 2016;
Yu et al., 2021). The rationale selector is usually
an end-to-end model and employs different opti-
mization methods, e.g. reinforcement learning (Lei
et al., 2016), adversarial network (Yu et al., 2019),
to improve the faithfulness of the extracted ratio-
nale. The attribution methods use model gradients
or other hidden states to identify the contribution of
each feature, which are usually sensitive to changes
in the input (Bach et al., 2015; Du et al., 2019; Sun-
dararajan et al., 2017).

D CIEM Details and Discussion

D.1 More Implementations

Implementations. For LIME and KernelSHAP,
the results of each experiment may have some er-
ror (within 10%). The results of KernelSHAP for
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LIME in Tables 1 and 2 are the average of 10 in-
dependent experiments. For IG, independent ex-
periments on each dataset yield the same results.
For CIMI, we set up the same configuration as its
open source version. Each independent experiment
outputs the same results after training is completed.
In the case of our proposed method, CIEM, the
optimal reparameterization parameter (¢) is deter-
mined post-training. This post-training selection of
€ is crucial to ensure consistent output for identical
input instances.

For baseline selection, we do not choose the ra-
tionalization extraction methods. Primarily, these
methods require two neural network models to
serve as a selector and a predictor respectively in
their experimental setup (Lei et al., 2016; Zhang
et al., 2023), which is unfair to other categories
of methods. Secondly, the datasets employed in
experiments of rationalization extraction methods
are specifically designed to explain continuous and
coherent rationalization. Thus, comparisons with
human-annotated datasets may not be entirely jus-
tified.

For CIEM training on all datasets, we employ
the Adam optimizer with a learning rate of 2e-4
and a batch size of 64, and train 10 epochs. All
random seeds in our code, except for those used
in reparameterization, are fixed to 0. The random
seeds for reparameterization are set to the optimal
value determined for each experiment. In trust-
worthiness experiments, we treat the Top-40% of
explanations generated by each method as ground
truth and calculate Accuracy, Precision, Recall, and
F1-score against human-annotated explanations. In
faithfulness experiments, the other three datasets
are set to r = 32 in order to be consistent with the
settings of the e-SNLI dataset. All experiments are
carried out with PyTorch on A100 GPU.

D.2 More Details on CIEM

Unconditional schema of CIEM. CIEM provides
a generative model of unconditional schema, which
is an unsupervised representation learning. The
unconditional schema of CIEM can be obtained
from Eq. 4-6.

po(X, Z| A) = py(X| Z)pa

pe(X| Z) = pe(X — g(Z
pA(Z| A) ~ N(Z;

q(Z| X, A) ~ N(Z;

27

where 0 := (g, 1, o) represents the model parame-
ters, and A is auxiliary variable. The conditional
prior py(Z| A), conditional posterior ¢(Z| X, A)
and likelihood distribution py(X| Z) are all de-
fined as factorized Gaussian distributions in the
same way as the conditional schema. A(A) :=
(L, —ﬁ) is the natural parameters of p)(Z| A)
dependent on A.. The identifiable theory still holds
in the unconditional schema.

The importance of identifiability to inter-
pretability. An important sense of identifiability is
clarity of source, which is crucial in interpretabil-
ity. An example is provided in (Khemakhem et al.,
2020a) to illustrate that a well-fitted representa-
tion may not actually be the true distribution. Es-
pecially with the establishment of numerous neu-
ral network-based XAI methods, identifiability be-
comes even more important. The primary objective
of interpretability is to elucidate the reasons behind
a model’s predictions. When a model is unidenti-
fiable, it becomes challenging to obtain accurate
insights into its internal mechanisms, potentially
resulting in explanations that are either inaccurate
or misleading. Identifiability plays a crucial role in
numerous real-world contexts. For instance, in do-
mains like healthcare, it is essential to comprehend
the rationale behind a model’s decision-making pro-
cess for purposes such as risk assessment, liability
tracing, and other critical applications.

E More Experiments

E.1 More Details of Data Processing

e-SNLI. e-SNLI is a dataset designed by (Camburu
et al., 2018) to examine generated natural language
explanations in an automated manner, which is a
subset of SNLI (Bowman et al., 2015) containing
manually labeled explanations. The original train-
ing set of e-SNLI is divided into two files due to its
excessive size, and we only take the data from the
first file. Each example of the dataset contains two
sentences representing the premise and hypothesis
and a label with a value of contradiction or entail-
ment. We use prompts to construct the dataset in
the form Instruction: Classify the relationship be-
tween Premise and Hypothesis into two categories:
contradiction and entailment. Premise: Sentencel.
Hypothesis: Sentence2, and label entailment as pos-
itive and contradiction as negative. Table 4 shows
all the details of our split dataset. For more flexi-
ble computation, we create a short version of the
e-SNLI dataset by filtering texts with token lengths
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Dataset instances Len Token Len Accuracy Accuracy
Train  Val  Test Train  Val  Test Train Val Test f(X) fn(Z)
e-SNLI 8000 2000 2000 3585 37.01 36.84 47.70  49.01 48.83 90.9% 90.85%
SST-2 6920 872 1821 1932 19.56 19.24 25.27 2552 2514 90.17% 90.28%
IMDB 10421 2605 2606 98.67 98.73 98.93 11042 110.34 110.77 92.98% 93.02%
AGNews 20000 4000 3782 30.79 31.1  30.61 4225 42,66 41.99 96.64% 96.67%

Table 4: Dataset division and length. Token length and classification accuracy based on bert-base-uncased.

Instances Word Len Token Len Tagged Word Tagged Token Ratio
Explanation 1 197 22.31 28.33 5.31 6.74 23.78%
Explanation 2 197 22.31 28.33 4.98 6.26 22.11%
Explanation 3 197 22.31 28.33 4.97 6.12 21.59%

Table 5: 200 randomly selected instances (three dropped) from e-SNLI test set, each containing three different
manually labeled explanations. The table shows the length of the explanations and their percentage of the original

sentence.

less than 150. Table 5 shows the details of the test
sets used in the trustworthiness experiments.

SST-2. The Stanford Sentiment Treebank
(SST) (Socher et al., 2013) is a standard sentiment
classification dataset, and we use its binary version
SST-2. Every entry in its original dataset passes our
filtering, so Table 4 shows the details of its original
version.

IMDB. IMDB (Maas et al., 2011) is a large
sentiment analysis dataset containing 50K movie
reviews. it contains a lot of unfavorable infor-
mation for training, such as HTML tags. We
remove HTML tags from all data and filter
to retain data with token length less than 150.
Among all the filtered data, we separate the train-
ing/validation/testing sets in the ratio of 4:1:1 and
show them in Table 4.

AGNews. AGNews (Zhang et al., 2015) con-
tains 4 categories, each with 30,000 training and
1,900 testing samples, for a total of 120,000 train-
ing samples and 7,600 testing samples. We ex-
tract data from AGNews with categories World and
Sci/Tech as positive and negative, respectively. Sub-
sequently, we filter the data in the training set with
token length less than 150, sampling 20,000 as the
training set and another 4,000 as the validation set,
and filter the test set with token length less than
150 as the test set. Table 4 shows all the details.

E.2 How to choose the importance
percentage?

For the metrics calculation in all trustworthiness ex-
periments, we did not take into account the prompts
added during the dataset construction, i.e., the per-
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—+— RawAttention 1
—#*— RawAttention 2
—#*— RawAttention 3

T T T
0.30 0.40 0.50
Percentage of Highlighted Tokens

T T
0.15 0.20

Figure 5: Test F1 scores of IG and RawAttention with
different percentages of highlighted tokens.
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Figure 6: Test F1 scores of LIME and KernelSHAP
with different percentages of highlighted tokens.

centage of highlighted tokens applied only to the
premises and hypotheses of the original dataset.
Fig. 4, 5, and 6 show how the F1 scores are af-
fected by the importance ratio for different methods
on three manually labeled datasets. All methods
exhibit increasing F1 scores as the percentage de-
creased below 50%. The relative performance of
different methods remain consistent regardless of
the percentage of highlighted tokens, which sug-
gests that the percentage is not a determining factor
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in the relative performance among different meth-
ods. Furthermore, the percentage should be main-
tained between 10% and 50% to avoid skewing the
F1 score due to excessively high precision or recall.

Table. 5 shows that the percentage of highlighted
tokens should be higher than 20%. Fig. 4, 5, and
6 also illustrate that when the percentage of high-
lighted tokens increases from 40% to 50%, the
performance of different methods shows little im-
provement. Considering the above analyses, we fi-
nally choose 40% as the percentage of highlighted
tokens in the trustworthiness experiment.

—o— CIEM1
CIEM 2

—o— CIEM 3

—e— average

Test Accuracy
o
o
w

T T T T T T T
0.0 0.2 0.5 1.0 2.0 5.0 10.0
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Figure 7: Test Accuracy of CIEM with different 7
when r = 32, a = 1.0.
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0.0 0.2 0.5 1.0 2.0 5.0 10.0
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Figure 8: Test F1 scores of CIEM with different 7
when r = 32, a = 1.0.

E.3 More Ablation Studies

Fig. 7-10 illustrate the optimization process of T
and «. Observations reveal that similar magnitudes
of 7 and «a yield better results. The optimization
ultimately converged to 7 = 1.0 and o = 0.9.

Fig. 12 and 13 present the ablation studies con-
ducted to evaluate the impact of our proposed mod-
ule on faithfulness. By comparing the results when
setting « = 1.0, 7 = 0 and o = 0,7 = 1.0 against
the optimal experimental setting, we demonstrate
that our module consistently enhances the faithful-
ness of the generated explanations. In the specific
case where o = 1.0 and 7 = 0, our VAE-based
model continues to exhibit robust performance.

o
S
=)

o

o

©
s

S

o
o
o

Test Accuracy
o
o
>
L

o
o
Y

—o— CIEM 1
CIEM 2

—o— CIEM 3

—e— average

o
o
S

T T T T T T
0.0 0.8 0.9 1.0 11 12
alpha

Figure 9: Test Accuracy of CIEM with different o
when r = 32,7 = 1.0.
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Figure 10: Test F1 scores of CIEM with different «
when r = 32,7 = 1.0.

This finding underscores the utility of causal in-
ference in developing interpretable models.

E.4 Computational Cost

Table 6 presents the mean computational cost per
instance for trustworthiness and faithfulness ex-
periments conducted on each individual dataset.
Our proposed CIEM method demonstrates signif-
icantly lower latency and superior responsiveness
compared to perturbation-based methods, such as
LIME and KernelSHAP. The high computational
complexity inherent in these perturbation-based
methods often results in prolonged explanation gen-
eration times. In contrast, our approach effectively
mitigates this limitation, offering a computationally
efficient solution.

E.5 The Experiments on Synthetic Datasets

It is necessary to discuss whether identifiability
is suitable for the compared baselines. The funda-
mental assumption of identifiability is the existence
of a latent variable or representation that can be
identified in the method. These compared base-
lines typically operate on a learning paradigm of
importance masks, meaning there is no latent rep-
resentation with dimensionality matching the input
and output representations of the original model.
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Figure 11: The visualization focuses on the densest region of the data distribution. (a) The true distribution of latent
variables. (b) The distribution of latent variables learned by CIEM. (c) The distribution of latent variables learned
by CIMLI. (d) The distribution of latent variables learned by LIME.

a=09,7t=10 a=1.0,t=0 a=0,7=1.0

Test COMP

e-SNLI SST-2

IMDB AGNews

Dataset

Figure 12: COMP scores of CIEM on test sets with different « and 7.

Consequently, our identifiability results generally
do not extend to the baselines.

To address the identifiability results of the com-
pared baselines, it is necessary to construct a plau-
sible latent representation for them. As mentioned
in the third paragraph of the introduction, this plau-
sible latent representation (defined in the paper as
masked representation) is derived from the mask
applied to the original input representation. We
conduct identifiability experiments for the base-
lines based on this masked representation using the
same synthetic data.

We follow the following data generation process
for simulation experiments. Our primary methodol-
ogy involves generating the latent variable Z using
its known data generation process. Subsequently,
X, A, and Y are generated from Z. With this gen-
erated dataset (X, A, Y), a CIEM is trained to
learn the latent variable Z. The identifiability of
our model is then demonstrated by comparing the
learned latent variable with the true latent variable.

Z ~N(Z; i, 0"”),

X|Z ~ N(X;u(Z),v(Z)),

A = s(X),

Y|X,Z ~ Bern(Logi(l(X,Z)))

(28)

Our estimated latent variable Z is generated from
a specific conditional posterior, which follows

a factorized Gaussian distribution with parame-
ters ¢/ = 0, 0> = 1, and a dimensionality of
dim(Z) = 30. The functions u, v, s, and [ are lin-
ear. We generate synthetic data X, A, Y following
Eq. 28 and then learn the latent variable Z from the
generated data. As illustrated in Fig. 11, a linear
transformation effectively bridges the gap between
the learned latent variable distribution and the true
latent variable distribution.

E.6 More Examples

Table 7 presents additional examples of CIEM ex-
planations. We select two instances, each with
three distinct human annotations, enabling a com-
parison of subtle differences in explanations for the
same instance.
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Figure 13: SUFF scores of CIEM on test sets with different o and 7.

Time in seconds (e-SNLI)

Method
Trustworthiness  Faithfulness
LIME 0.105 0.191
KernelSHAP 0.104 0.192
IG 0.021 0.057
RawAttention 0.006 0.038
Occlusion 0.138 0.255
CIMI 0.015 0.041
CIEM(Our) 0.006 0.034

Table 6: Runtime for each instance of the trustworthiness and faithfulness experiments.

CIEM

CIMI

IG

RawA ttention

Label: entailment
Pred: entailment
Premise: A man
wearing a red vest is
walking past a black

and green fence. Hy-
pothesis: A man is

wearing a vest.

Premise: A man wear-
ing a red vest is walking
past a black and green
fence. Hypothesis: A
man is wearing a vest.

Premise: A man
wearing a red vest is
walking past a black and
green fence. Hypothe-
sis: A man is wearing a
vest.

Label: entailment
Pred: entailment
Premise: A

a
is walking a
black and green fence.
A man is

a vest.

Premise: A man
ared vest is walking
a black and green
fence. A
man is a vest.
Premise: A
a
walking
green fence.
A man is

vest.

is
a black and

Label: entailment
Pred: entailment
Premise: A man
wearing a red vest is
walking past a black

and green fence. Hy-
pothesis: A man is

wearing a vest.

Premise: A man wear-
ing a red vest is walking
past a black and green
fence. Hypothesis: A
man is wearing a vest.

Premise: A man
wearing a red vest is
walking past a black and
green fence. Hypothe-
sis: A man is wearing a
vest.

Label: entailment
Pred: entailment
Premise: A man
wearing a red vest is
walking past a black

and green fence. Hy-
pothesis: A man is

wearing a vest.

Premise: A man wear-
ing a red vest is walking
past a black and green
fence. Hypothesis: A
man is wearing a vest.

Premise: A man
wearing a red vest is
walking past a black and
green fence. Hypothe-
sis: A man is wearing a
vest.

Table 7: Examples of explanations generated by four different methods. Each example is judging the relationship
between Premise and Hypothesis (contradiction or entailment). The underlined portions represent important features
that are manually annotated, while the features in different colors represent explanations generated by different
methods. Our method matches the manual annotations best.
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