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Abstract

Multimodal classifiers function as opaque
black box models. While several tech-
niques exist to interpret their predictions,
very few of them are as intuitive and ac-
cessible as natural language explanations
(NLEs). To build trust, such explanations
must faithfully capture the classifier’s in-
ternal decision making behavior, a prop-
erty known as faithfulness. 1In this pa-
per, we propose CAuSE (Causal Abstrac-
tion under Simulated Explanations), a novel
framework to generate faithful NLEs for
any pretrained multimodal classifier. We
demonstrate that CAuSE generalizes across
datasets and models through extensive em-
pirical evaluation. Theoretically, we show
that CAuSE, trained via interchange inter-
vention, forms a causal abstraction of the
underlying classifier. We further validate
this through a redesigned metric for mea-
suring causal faithfulness in multimodal set-
tings. CAuSE surpasses other methods on
this metric, with qualitative analysis rein-
forcing its advantages. We also perform de-
tailed error analysis to pinpoint the failure
cases of CAuSE".

1 Introduction

Multimodal classifiers (e.g. VisualBERT (Li et al.,
2020)) integrate information from multiple modal-
ities, such as images, text, and audio, and clas-
sify input into a predefined set of classes. These
models are vital in a range of applications. For
instance, given radiology reports in free-text for-
mat and corresponding chest X-ray images, a mul-
timodal classifier can be trained to predict whether
a patient has COVID-19 (Baltrusaitis et al., 2019).

However, their widespread adoption depends on
whether we can trust their predictions. This re-

'Code is available at

newcodevelop/CAuSE

https://github.com/
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quires the development of interpretability tech-
niques that explain how the classifier came to
its prediction. Input attribution methods aim to
identify features or concepts in the input that in-
fluence the classifier’s decision. Although these
techniques provide useful insights, they face two
significant limitations: (i) Lack of natural lan-
guage explanations (NLEs): Their outputs are typ-
ically low-level and not conveyed in natural lan-
guage, which hampers interpretability (Sundarara-
janetal., 2017); and (ii) Causal faithfulness: They
often do not capture a true causal link between the
input and the prediction of the model (Bandyopad-
hyay et al., 2024b; Chattopadhyay et al., 2019).
Crucially, faithfulness is essential to trust the pre-
dictions of a model.

To address these limitations, we propose
CAuSE (Causal Abstraction under Simulated
Explanations), a novel post-hoc framework for
generating causally faithful NLEs for arbitrary
frozen multimodal classifier. CAuSE specifically
targets discriminative classifiers with an encoder-
classification head architecture, which are found
to have been deployed in today’s production sys-
tems (Megahed et al., 2025; Ji et al., 2025). Un-
like generative models, these discriminative clas-
sifiers lack native explanation generation capabili-
ties, necessitating post-hoc interpretability frame-
works like CAuSE. Figure 1 shows an example of
CAUuSE explaining a frozen multimodal offensive-
ness classifier decision for a meme input.

At the core of CAuSE is a pretrained language
model ¢, which is guided by the hidden states of
the classifier to generate a natural language ex-
planation. CAuSE uses a novel loss function,
grounded in interchange intervention training of
Geiger et al. (2021), that enforces causal faith-
fulness of the generated explanations (see Sec-
tion 5 for results and analysis). We also pro-
pose a variant of a widely used causal faithfulness
metric (Atanasova et al., 2023), termed CCMR
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(Counterfactual Consistency via Multimodal
Representation), tailored for evaluating faithful-
ness of NLEs in multimodal contexts. Under this
metric, CAuSE demonstrates strong performance
on benchmark datasets such as i) e-SNLI-VE (Do
et al., 2021), which is a dataset of image premises
and text hypotheses labeled with entailment, con-
tradiction, or neutral labels; ii) Hateful Memes
(HM) (Kiela et al., 2020) in which the task is to
predict whether an input meme is offensive or not;
and iii) VQA-X (Park et al., 2018), which is a vi-
sual question answering dataset coupled with gold
explanations. All these datasets are publicly avail-
able for research.

We conduct extensive qualitative analyses to ex-
amine: i) where and how CAuSE succeeds in pro-
ducing causally faithful NLEs (§5.5.1 and §5.5.2),
ii) typical failure cases (§5.5.3), and iii) general
trends observed in error analysis (§5.6).

Our contributions are three-fold: (1) a frame-
work for generating faithful, post-hoc NLEs for
multimodal classifiers; (2) a novel loss function
that enforces causal faithfulness; and (3) an exten-
sive empirical evaluation demonstrating the effec-
tiveness of CAuSE in producing causally faithful
NLEs.

1.1 Scope and Applicability

CAUuSE serves dual purposes as both a deployable
tool and a methodological framework with broader
implications.

Immediate application. As explained in the
Introduction, CAuSE targets discriminative multi-
modal classifiers, which, unlike generative mod-
els, lack native explanation generation capabili-
ties. Simulating these classifiers with separate
generative models often produces plausible but
unfaithful explanations that fail to reflect actual
model reasoning (Madsen et al., 2024; Turpin
et al., 2023). CAuSE addresses this through faith-
ful explanation generation, demonstrated across
various classifiers studied later (§Section 5).

Broader implications. Beyond practical de-
ployment, CAuSE demonstrates how causal ab-
straction principles that are typically validated
on simpler networks can be scaled to com-
plex transformer-based architectures with an ap-
plication to faithful explanation generation that
is empirically shown to be both task-agnostic
and largely architecture-agnostic. This positions
CAUuSE as a blueprint for future explainability re-
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Figure 1: This figure shows the abstract schematic
of CAuSE and how it explains a frozen discrimi-
native multimodal classifier at inference. The in-
ternal components of CAuSE are i) an MLP v, ii)
A language model (LM) ¢, and iii) an aggregator
followed by a classifier Co. The input to the mul-
timodal encoder is a meme which is composed of
both text and image (separately not shown).

search requiring causal faithfulness.

2 Causal Abstraction and Interchange
Intervention

2.1 Causal Abstraction

In Geiger et al. (2021), the authors introduced
the concept of causal abstraction for neural mod-
els. They define a neural network, Ni, as a
causal abstraction of a higher-level causal model,
Ny, if the neural representations of /NV; exhibit
the same causal outcomes as the correspond-
ing high-level variables in No. This alignment
is achieved through the Interchange Intervention
Training (IIT) objective.

This type of alignment learned through IIT is
referred to as causal abstraction in the literature.
IIT ensures a systematic correspondence between
interventions in neurons in /N7 and mapped vari-
ables in No. Unlike a traditional teacher-student
training objective, which merely teaches the stu-
dent to mimic the teacher’s output, causal abstrac-
tion ensures that the student model internally mir-
rors the teacher’s decision-making process. In par-
ticular, IIT guarantees that interventions on vari-
ables in N, yield analogous effects when applied
to the associated neurons in Ny, thereby aligning
the causal structure of the two models.

2.2 Interchange Intervention

To perform an interchange intervention, we begin
by passing a "base" input b through the network
Ni, randomly selecting a neuron ¢; € N; and



freezing its activation at the value 41 (b). Simulta-
neously, a second input, referred to as the "source"
input s, is also passed through Ny, but with the ac-
tivation of neuron 4, held fixed at i (b) instead of
its native activation under s. The resulting out-
put from this modified forward pass is denoted by
YN ().

Assuming a one-to-one correspondence be-
tween each neuron ¢; in N7 and a subset of vari-
ables S(i1) in a higher-level model Na, we say that
Ny is a causal abstraction of N; if the following
condition holds:

INT

S(ir) = {iz € Na : [yfNT(Np) = y{N" (N1)]}

In other words, after intervention in ¢ and i9, out-
put of N7 must match that of Ny, under the same
interchange intervention.

Let PinINT( ~,) and PinQNT( ) denote the prob-
ability distributions over the model outputs under
interchange intervention for N; and N, respec-
tively. Following Geiger et al. (2021), causal ab-
straction is encouraged by minimizing the loss of
IIT, defined as the Kullback-Leibler (KL) diver-

gence between these two distributions.
L = DKL(PinlNT(Nl)||Pyi12NT(N2)) (1)

where Dy 1, (P||Q) denotes the KL divergence be-
tween distributions P and Q).

3 Methodology

3.1 Setup and Objective

The goal of CAuSE is to provide post-hoc nat-
ural language explanations for the predictions of
a pretrained multimodal classifier M. Any ar-
bitrary discriminative multimodal classifier M is
composed of an encoder £’ and a multilayered per-
ceptron (MLP) Cy. Once trained, M is kept frozen;
our method does not alter or retrain it.

Given an input pair z = (¢, v) of text and image,
E computes a joint representation ¢ = E(t,v) €
R™>1 which is then passed to C; to obtain a logit
vector [ € R over L classes. The output predic-

A

tion is y; = softmax(1).

3.2 Explainer Module (CAuSE Framework)

CAuSE is a framework consisting of an expla-
nation generation module, referred to as the Ex-
plainer, along with a set of loss functions used to
train it. The Explainer is composed of four key
components: (i) a multi-layer perceptron (MLP)
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1; (i1) a language model ¢ responsible for generat-
ing natural language explanations (NLEs); (iii) an
aggregator module 4, which processes and trans-
forms the token-level outputs of ¢ into a fixed-
length feature representation; and (iv) a classifier
Cs, which is structurally identical to the original
classifier C; and is trained to replicate its predicted
label ¥ .

Training Objective for ¢ To generate faithful
explanations grounded in the classifier M’s inter-
nal reasoning, we condition the language model
¢ on its hidden representation ¢ = F(z). Since
¢ may not align with ¢’s input embedding space,
we project it using a simple MLP ), and use 1(¢)
as the embedding for the initial BOS (x() token.
The model ¢ is then fine-tuned using the standard
causal language modeling objective:

T
£¢ = —Zlogp(z,(xi\xi_l,...,xo) (2)
i=1

We use GPT-2 (small) (Radford et al., 2019)
as ¢. We fine-tune it (rather than training
from scratch) on plausible human-annotated ex-
planations from e-SNLI-VE, Hateful Memes, and
VQA-X datasets, as oracle explanations for the
classifier’s decisions are unavailable. Directly
conditioning on raw input z leads to unfaithful out-
puts, as pretrained LMs cannot inherently incorpo-
rate internal model states of M. As shown in Ta-
ble 5, naive fine-tuning on pairs (z, explanation)
results in poor faithfulness. Our approach over-
comes this by explicitly grounding generation in
c=E(z).

We denote the full explanation generation
pipeline (F = A o ¢ o 1)), as the LLM machin-
ery. Thus, Explainer is composed of both LLM
Machinery and Cs (Co o F).

Aggregator A The logit output of ¢ is a tensor
of shape (1,7,V), where V' is the vocabulary size
and 7' is the sequence length. We first sum over
the time axis to obtain a vector z € RY. This is
then transformed via a feed-forward network into
a vector of size R™*! to match the input dimen-
sion expected by Co.

Classifier C; (s is a replica of Cy, receiving the
previously aggregated explanation representation
from A as input. It is trained to (i) match C;’s
prediction y; via a teacher-student loss, and (ii)
ensure causal alignment through the IIT loss (see
Section 3.3).



During training, the entire Explainer is opti-
mized, with each component serving a distinct
purpose (detailed in the next subsection). At in-
ference, only the fine-tuned ¢ (along with ) is
used.

3.3 Causal Alignment and Behavioral
Simulation

The central goal of CAuSE is to ensure that the
explanations produced by the Explainer are faith-
ful to the behavior of the pretrained multimodal
classifier M = C; o E. This is accomplished in
two steps: first, we make the Explainer simulate
the decision of M ; second, we ensure that the Ex-
plainer serves as a causal abstraction of M. Be-
low, we define the core concepts and describe how
CAuUSE achieves these goals.

Simulation of Classifier Behavior We first for-
malize the notion of simulation.

Definition (Simulation). Two neural networks
A and B are said to simulate each other if, when
given the same input z, they produce the same out-
put: A(z) ~ B(z).

In our case, the encoder E produces a multi-
modal representation ¢ E(z) from an input
z = (t,v). This representation is passed directly
to C; to obtain a prediction y; = C1(c). The same
representation c¢ is also passed to the Explainer
module. To ensure that the Explainer mimics C;
on the same input, we train it using a teacher-
student loss:

Lrs = Drr(FPe, (v1)l|Fe, (y2)) 3)

By minimizing Lrg, we ensure that ys
Ca(F(c)) =~ Ci(c) = yi. Since both the systems
receive the same input ¢ = E/(z), and produce the
same output, the Explainer (i.e., Co o F) simulates
the classifier C; under the definition above.

Causal Abstraction via Identical Networks
While simulation ensures output-level agreement,
it does not guarantee that the Explainer behaves
like M under counterfactual interventions. For
this, we seek a stronger condition: that the Ex-
plainer forms a causal abstraction of M. To estab-
lish this, we first introduce the notion of causally
identical neural networks.

Definition (Causally Identical Networks).
Given two neural networks A and B of the same
architecture, we say they are identical if: i) they
share the same weights: W4 = Wp, and ii)
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they are trained under the IIT objective that en-
forces alignment of their outputs under counter-
factual substitutions (Equation 1). Under the def-
inition posed in Section 2.2, they become causal
abstraction of each other.

To make C, identical to C; using the above
definition, we use two objectives: i) a weight-
regularization loss to encourage weight similarity
(using their frobenius norm):

Rmatch - ”WC1 - W62 HF (4)

and ii) An IIT loss that encourages counterfactual
agreement:

Lirr = Dgr(PET ) IPE (y2)) (5

When both Ryaich and L7 are minimized, Co
becomes causally identical to Cy, by virtue of the
above definition.

From Classifier Alignment to Explainer Ab-
straction. We now connect the alignment be-
tween C; and Cy to the abstraction property of the
Explainer.

Theorem. If C5 is identical to C; (as per the
definition above), then the Explainer, comprising
the LLM machinery and Co, becomes a causal ab-
straction of the pre-trained classifier M = C; o E.

Proof Sketch. In Lemma 1, we prove that under
Lir, F(E(2)) = E(2).

We consider three types of causal interventions:
(i) Input-level interventions: Between F and F/,
we assume a mapping «(z) = E(z). Given that
Co(F(E(2))) = C1(E(#)) (by Lemma 1), the out-
puts from the model M and the explainer remain
consistent under such interventions. (ii) Inter-
mediate representation interventions: Since F
acts as the identity function on F(z) (by Lemma
1), interventions on E(z) and F(E(z)) lead to
equivalent outputs. (iii) Interventions at the neu-
ron level: When interventions are applied within
Cy and Co, the outputs remain aligned due to the
shared architecture, training based on the IIT ob-
jective and the weight regularization objective.
Taken together, these cases demonstrate that the
explainer and the model M are causally equiva-
lent under aligned interventions.

Proof. See Appendix §A for specific proof as-
sumptions and formal details. O

This establishes that not only does the Explainer
match the classifier’s outputs on observed exam-
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Figure 2: This toy diagram shows the training process of the CAuSE framework, specifically the calcula-
tions of L7g and L7 losses on a sample from e-SNLI-VE dataset. The input vectors to C; and Co are

arbitrary but depicts a real scenario.

ples (via simulation posed by Lrg), but also that
it faithfully reflects the causal structure of the M.

Summary. CAuSE theoretically ensures both
behavioral and causal alignment between the Ex-
plainer and the classifier M: i) Lpg ensures the
Explainer simulates M’s decision by matching
predictions on the same encoder representation. ii)
L7 and Ryach make Co causally identical to C;.
This makes the overall Explainer a causal abstrac-
tion of the multimodal classifier M = C; o E (be-
cause of the result of the theorem posed above).

Overall Loss Function The final loss is:

Lcawst = Lo+ L7s + Lrr + Rmaeh (6)

Through a hypothetical example, the calculation
of several components of the loss function is de-
picted in Figure 2. A walkthrough of the Figure is
described in detail in Section 3.4 for reference.

Overall Training and Inference Protocol. 1)
We assume the base classifier M = (C; o E)
is already trained until convergence. Then we

freeze its weights. Training the classifier M is
not a part of CAuSE training framework. ii) We
separately train the Explainer (v, ¢, A, Cs) using
Lcause, keeping M frozen. iii) At inference time,
we generate NLE from ¢ for an input 2.

Clarification on Explainer Role. It is impor-
tant to clarify that while the Explainer is trained
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to simulate the predictions of Cy, it is designed as
a causal abstraction of the entire classifier M. In
our framework, we do not assume any inherent de-
pendence between A being a causal abstraction of
B and A simulating B. Causal abstraction and sim-
ulation are treated as independent properties.

Nonetheless, we observe that combining sim-
ulation with causal abstraction yields better em-
pirical results than simulation alone. Specifically,
the mimicking faithfulness performance of the Ex-
plainer, quantified using both F1 and CCMR, im-
proves in majority of the cases when the causal
abstraction losses Ly and Rpatch are added to the
simulation loss Lts (also referred to as Lcausk),
as opposed to using Ltg alone (§Table 2).

Broad Neural Coverage under L;;7. At each
step of minimizing £;;7, we sample 20% of neu-
rons uniformly randomly from C; and Cs simul-
taneously and perform interchange intervention
on them. Sampling a subset of neurons rather
than performing interchange intervention on all
of them is the norm in literature (Geiger et al.,
2021) as that would prevent the network from be-
ing degenerate-where the network always outputs
values for base input. Sampling a fraction of neu-
rons at each backpropagation step probabilistically
ensures broad coverage of network’s internal rep-
resentation. With a very high probability, after a
finite number of backpropagation steps, all neu-
rons in C; and Co would be sampled at least once



and interchange intervention would be done on all
of them. Details of such a bound can be found in
the Appendix Section C.
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Figure 2 illustrates the training process of CAuSE
on an e-SNLI-VE sample, involving three loss
components: Ly, L1g, and L. Note that the
following values are illustrative and derived from
a simplified toy version of the CAuSE compo-
nents, but the procedure remains identical in the
full framework.

Walk-through Example

Step 1: Causal Language Modeling Loss (L)
The base input z is passed through the frozen en-
coder of M to obtain the multimodal represen-
tation F(z). This is then projected via ¢ and
provided to the language model ¢, which gener-
ates a natural language explanation. The explana-
tion generation step is supervised using a standard
causal language modeling loss as shown in Equa-
tion 2.

Step 2: Teacher-Student Loss (L7s) The ex-
planation from ¢ is passed through the aggregator
A and input to classifier Co. Let the output distri-
butions from C; and Cs be:

Pe, (y1) = [0.10, 0.82, 0.08]
Pe,(y2) = [0.20, 0.65, 0.15]

Using KL divergence, the teacher—student loss is:

Lrs = DxL(Fe, (y1) || Pey(y2)) = 0.0307

Step 3: Interchange Intervention Loss (L7;7)
The source input is encoded similarly. During this
pass, neuron activations from the base pass (e.g.,
0.67 from C; and 0.37 from Cs) are used to inter-
change (overwrite) corresponding activations for
the source input. This is called interchange inter-
vention. The resulting predictions after interven-
tion are:

PMNT(y1) = [0.56, 0.24, 0.20]

P (y2) = [0.36, 0.33, 0.31]
The IIT loss is:

Lirr = Dxr (PR () | P (y2)) = 0.0361

Training and Inference Only the explainer
modules (¢, ¢, A, Co) are updated. The base clas-
sifier M = Encoder + C; remains frozen. During
inference, we use only ) and ¢ to generate faithful
explanations conditioned on F(z).
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3.5 Generalizability and Retraining in
CAuSE

CAUuSE is dataset-agnostic and requires no signif-
icant architectural changes across tasks. Its core
components, ¢, Aggregator A, and Co; are both
necessary and sufficient: necessary, because each
component is essential to ensure causal abstraction
between the classifier M and the Explainer; and
sufficient, because no structural modifications are
needed when switching to a new dataset or classi-
fier.

Minor adjustments include: (i) setting the out-
put dimension of Cy to match the number of la-
bels (e.g. 2 for Hateful Memes; 3 for e-SNLI-
VE; 3,129 for VQA-X), and (ii) adapting 1 to the
hidden size of ¢ = E(z). Retraining is required
for each (dataset D, classifier M) pair, as CAuSE
is designed to explain a specific frozen model M
trained on D.

This retraining is lightweight, only ~450M
parameters are trained and inference uses only
~270M parameters, much smaller than large
VLMs like PaLiGemma (Beyer et al., 2024) or
LLaVA (Liu et al., 2024), which still underper-
form CAuSE (Table 5).

Overall, CAuSE is broadly applicable as long
as hidden states E(z) from M and ground-truth
explanations for D are available. Adaptation to
different tasks requires minimal effort with little
architectural changes.

4 Counterfactual Consistency via
Multimodal Representation (CCMR)

Existing faithfulness metrics, such as CCT (Siegel
et al., 2024) and Explanation Mention (Atanasova
et al., 2023) are designed for unimodal text mod-
els and rely on discrete text perturbations to test
whether changes in input lead to corresponding
changes in explanations. However, extending this
to multimodal settings is nontrivial: there is no
clear notion of discrete perturbation for image in-
puts, and fused text-image representations make
it hard to isolate the effect of individual modal-
ities. A text change may not be reflected in the
explanation even if the model’s decision process
is faithful, due to how multimodal fusion influ-
ences model behaviour. To address this, we pro-
pose CCMR, a metric based on continuous per-
turbations in multimodal representation space, en-
abling more reliable faithfulness evaluation.



4.1 CCMR Score Calculation

Faithfulness
Consider an

Counterfactual (Atanasova
et al, 2023) input text
Z = {wo, w1, ..., Wi,..., Wp_1,Wy}, where w;
is the i-th word or token. A counterfactual input

ZC is created by replacing w; with wy:
C
Z% =A{wo,wy, ..., w,. .., wy_1,wp}.

For a model, which generates natural language ex-
planations (NLEs), let X and X  be the NLEs for
Z and ZC, respectively. The NLE X is considered
faithful if w§ € X ¢, meaning the explanation re-
flects the discrete input change.

This test has two limitations for CAuSE: i) it
does not support continuous input changes, and ii)
X ¢ may not be a proper counterfactual, as it might
not change the model’s (M) prediction class. We
address these issues by constructing counterfac-
tual representations as follows:

Let z € T be a vector representation of a data
point from the test set. The corresponding coun-
terfactual input 2’ for M satisfies:

2 = arg glégl_d(z, 2) st Ci(E(2)) # C1(E(Z))

where d is Euclidean distance metric, and C; (2)
denotes the output class of M given input z. The
counterfactual 2z’ can be expressed as: 2/ = z + p,
where ;1 = 2’ — z is the perturbation. Given 2’ =
z + p as input to M, let us assume its output class
is y{'F .

Inspired by Atanasova et al. (2023), we define
an explanation from ¢ as faithful if it reflects the
change in M ’s output under a counterfactual input.
Let E/(z) be the input to the Explainer F' when M
receives input z. We construct a potential counter-
factual for the Explainer as F(z) + v, and ensure
it is valid for M by solving an optimization on v
such that C; (E(z) +v) = Ci(z + p).

Since Cy o F' is a causal abstraction of M, a
counterfactual for M should induce a correspond-
ing counterfactual in the explainer. We input
E(z) + v to F and obtain the predicted class from
¢ as y2C F (in inference, both prediction and expla-
nations are obtained from ¢ and not from Cs). The
Counterfactual Consistency via Multimodal Rep-
resentation (CCMR) score is computed as the F1
score between y$' " and 4§, across test examples.

Importantly, we do not feed 2/, a known coun-
terfactual for M from the test set, to the explainer.
Doing so would let even a naive mimic of M
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achieve high CCMR. Instead, we optimize for v
to construct a non-test representation of a coun-
terfactual, ensuring the CCMR score reflects true
causal consistency rather than mere imitation.

Algorithm 1 shows the calculation of the
CCMR score and Table 2 shows the "faithfulness"
performance of components of the the proposed
CAUuSE framework.

Algorithm 1: CCMR Score for the pre-
trained classifier M and the explainer

Input: Data-pointz € T
Function CounterFactual (z):
z' < argming 7 d(z,2’) s.t
C1(B(2) # C1(B(z)) :
w+z —z;
perturbation
Optimize v such that
C1(B(z) +v) = C1(E(z + )
| return E(z) + v, 2’
Procedure Calculate CCMR Score:
ZList«+ 0 ;
XList < 0 ;
while 7 # () do
Samplep € T ;
point
q',p’ + CounterFactual(p);
ZList + ZListU {¢(F(q’))}; // Rppend
ygF to the list
XList < XListU {C1(E(p’))}; // Append
y?F to the list
T+ T—-{p};

return F (XList, ZList) ; // Return F1
score between XList and ZList

// Compute the

// Draw a new data

Composite CCMR. Varying v may push
E(z) + v to become an out-of-distribution (OOD)
sample for the Explainer. This is especially true
if the Explainer is not a causal abstraction of M.
In such cases, ¢ may fail to generate coherent pre-
dictions containing any of the output classes. Ta-
ble 2 reports the percentage of feasible genera-
tions and their corresponding CCMR (across faith-
ful generations). The composite CCMR (shown
as c-CCMR) is defined as the harmonic mean of
these two and reflects the true causal faithfulness
of CAuSE and its counterparts.

5 Results and Analysis

5.1 Dataset and Experimentation

Datasets. The e-SNLI-VE and VQA-X datasets
provide human-annotated explanations for each
image—text pair, which we use as ground-truth in-
stances for training CAuSE. In contrast, the Face-
book Hateful Meme (HM) dataset lacks such an-
notations. To address this, we generate synthetic



explanations using the GPT-40” language model
for the offensive class, followed by manual verifi-
cation and post-processing. These curated expla-
nations serve as ground-truth for training CAuSE.
The details of this data creation process are pro-
vided in Appendix D.

However, not all instances are used for generat-
ing explanations. The availability of training ex-
planations is filtered based on the accuracy of the
underlying multimodal classifier M. For example,
if M achieves 70% accuracy on a batch of 1,000
samples, only the 700 correctly predicted exam-
ples, along with their corresponding explanations,
are retained for training CAuSE on ground-truth
prediction and explanations. For 300 misclassi-
fied examples, CAuSE is trained only to mimic
M’s prediction. This filtering ensures that CAuSE
learns to explain M’s actual predictions, not the
dataset labels. This filtering procedure is de-
scribed in Algorithm 2.

Algorithm 2: Filtering Dataset for

CAuSE

Input: Test dataset D = {(z;,y;,e;)}Y,, classifier M
Output: Filtered dataset D’ used to train CAuSE
Procedure FilterCorrectPredictions:
D'« 0;
foreach (z;,yi,e;) € D do
Pi  M(2i);
classifier
if Z:”L =Y then
L D'« D' U{(xi, i ei)}: // Keep

correctly predicted samples
else

L D«<DuU{(zi9)}

// Return filtered dataset

// Predict using

return D’ ;

Experimentation. The experiments were per-
formed on a Kaggle kernel with PyTorch version
2.1.2 and a single P-100 GPU, with a random seed
of 42 maintained for all runs. VQA-X required a
single A-100 GPU. Additionally, visual language
model (VLMs) baselines were implemented using
PEFT? and LoRA (Hu et al., 2022).

Dataset Train Split | Test Split
e-SNLI-VE 9000 1000
Hateful Memes 6997 1000
VQA-X 5997 960

Table 1: Train-test splits for the datasets.

https://chatgpt.com/
Shttps://github.com/huggingface/peft
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5.2 Automatic Evaluation

CAUuSE is evaluated across two verticals: i) Faith-
fulness, and ii) Plausibility.

Faithfulness measures the alignment between
predictions of the Explainer variants (e.g. CAuSE
or ¢ or ¢ + T'S)* and M for a specific input. It
is quantified by F1 score between CAuSE predic-
tions and predictions from M. Under the counter-
factual regime, the normal F1 score is replaced by
CCMR score. The process of calculating CCMR
score is already illustrated in Section 4.1.

Plausibility measures the semantic similarity of
the generated NLEs from the Explainers to the
ground-truth (GT) explanations. Note that we do
not have access to oracle explanations of the clas-
sifier decisions. GT explanations work as a proxy
for unavailable oracle explanations. BLEU (Pap-
ineni et al., 2002) and BERTScore (Zhang* et al.,
2020) are used to measure plausibility. n-gram
BLEU score is shown as BLEU-n.

Faithfulness-plausibility tradeoff. GT expla-
nations may not reflect how the classifier M ac-
tually arrives at its decisions (i.e. oracle expla-
nations). As a result, an Explainer trained to
be a causal abstraction of the M (via Lo AusE)
can achieve high predictive alignment with M,
as measured by metrics like F1 or CCMR. How-
ever, its generated explanations may score lower
on BLEU or BERTScore when compared to the
human-provided GT explanations, since the clas-
sifier’s decision-making process might differ from
human reasoning.

This leads to a faithfulness—plausibility tradeoff,
high faithfulness (to the classifier) may come at the
cost of plausibility and vice versa. Ideally, if we
had access to the classifier’s actual reasoning pro-
cess as an oracle, we could directly measure align-
ment. In its absence, FI/CCMR captures faith-
fulness, while BLEU/BERTScore reflects plausi-
bility. This tradeoff is evident from Tables 2 and
3. ¢ achieves higher plausibility (cf. Table 3) at
the cost of lower faithfulness (cf. Table 2) com-
pared to CAuSE, perfectly illustrating the tension
between these two metrics.

An Illustration of tradeoff. We illustrate the
faithfulness-plausibility tradeoff on three datasets
through specific examples, taking Qwen-VL (Bai
etal., 2023) as M. Note that we replace traditional
language modeling (LM) head of Qwen-VL with

*CAUSE, ¢, and ¢+TS refer to Explainers trained with the
loss functions Lcause, L¢, and Ly + Lrg, respectively.


https://chatgpt.com/
https://github.com/huggingface/peft

an MLP layer (C1). In these examples, ¢ gener-
ated explanations are plausible and align with GT
explanation, but for predictions, they are unfaith-
ful, as they do not match the output of the under-
lying base model M. Conversely, for the same
examples, CAuSE produces informative explana-
tions that are faithful to the base model’s predic-
tions, yet less aligned with GT explanations (less
plausible). These contrasting behaviours clearly
demonstrate the inherent tradeoff between faith-
fulness and plausibility. Figure 3 illustrates these.

(i) VOQA-X: In a VQA-X example, the model
(M) answers “yes” to “Is a storm going on?”.
While ¢’s explanation (“the answer is in the sky
above the clouds”) is highly plausible due to its
similarity to the human explanation, it is unfaithful
as it omits M’s prediction. In contrast, CAuSE’s
explanation (“yes because it is black and white”) is
faithful by explicitly retaining the model’s output
but less plausible. Importantly, CAuSE is more
diagnostic, as it exposes a potential reliance of
M on a superficial shortcut (grayscale appearance)
rather than semantic cues (e.g., storm clouds).

(ii) e-SNLI-VE: For the hypothesis “The men
are fishermen”, which M predicts as an entail-
ment, ¢’s explanation suggests a neutral outcome
and thus does not reflect the model’s label, indi-
cating low faithfulness. Conversely, CAuSE’s ex-
planation perfectly mirrors the model’s prediction.
Although ¢’s explanation is unfaithful, it is more
plausible than CAuSE’s because it has greater sim-
ilarity to the human explanation, from which the
CAUuSE explanation is completely off. This clearly
shows the faithfulness-plausibility tradeoff.

(iii) Hateful Meme: The gold label is not of-
fensive, while the classifier M predicts offen-
sive. This mismatch truncates the gold explana-
tion to match the predicted label (refer to Sec-
tion 5.1, Algorithm 2), inflating the plausibility
of ¢’s explanation (“not offensive because not of-
fensive”) that is more similar to the gold explana-
tion than CAuSE’s explanation. CAuSE instead
matches the classifier output (“offensive because
it promotes harmful stereotypes”), thus faithful.
Despite lower similarity to the gold explanation,
CAuSE is more informative as it reveals the pur-
ported reasoning behind misclassification of M.

5.3 Baselines

VLM baselines. Post-hoc interpretability tech-
niques typically focus on identifying implicit (e.g.,
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Integrated Gradients (Sundararajan et al., 2017))
or explicit concepts (e.g., Semantify (Bandy-
opadhyay et al., 2024a)) rather than generating
coherent natural language explanations (NLEs).
Visual language models (VLMs) can leverage
zero-shot/few-shot prompting to generate plausi-
ble NLEs yet they are not guaranteed to be faith-
ful (Turpin et al., 2023; Madsen et al., 2024).

CAuSE differs from prompting and fine-tuning
VLMs by initializing generation from the multi-
modal encoder’s hidden state, directly grounding
NLEs in the classifier’s decision process and yield-
ing greater faithfulness, an ability absent in naive
prompting or fine-tuning.

Nevertheless, we evaluate prompt based and
fine-tuned VLMs as baselines for comparison
with CAuSE. These models perform significantly
worse across all metrics (see Table 5).

Performance of Baselines.

(a) Naive Prompting: We evaluated zero-
shot and few-shot (k 0/2) prompting us-
ing PaLiGemma and LLaVA, where VLMs were
prompted with in-context examples showing clas-
sifier M’s decisions. However, the generated
explanations showed poor faithfulness on Hate-
ful Memes and e-SNLI-VE. Although the models
showed an improved faithfulness for VQA-X, the
plausibility scores were very poor.

(b) Fine-Tuning: Fine-tuning VLMs to imitate
the classifier M led to substantial improvements
over prompting. These models are trained to re-
produce the results of M given the same inputs,
effectively learning to approximate its decision
function.

5.4 Ablation studies

What is the role of loss functions other than £;?

In Table 2, CAuSE achieves the highest F1
score across almost all experiments, except for a
few exceptions (four out of twelve cases in total).

In terms of causal abstraction, as measured by
composite CCMR, CAuSE also obtains the high-
est scores in most cases, with a few exceptions of
VQA-X and Hateful meme datasets (two out of
twelve cases in total). However, for plausibility
(cf. Table 3), CAuSE ranks second in most com-
binations highlighting the faithfulness-plausibility
trade-off we have mentioned in section 5.2.

IIT ensures causal abstraction between M and
the explainer. Consequently, we observe CAuSE
obtains a slightly higher composite CCMR score



M | Ablations | Hateful Meme | e-SNLI-VE | VQA-X
| | F1 CCMR % gen. ¢- CCMR | F1 CCMR % gen. ¢-CCMR | F1 CCMR % gen. c¢-CCMR
é 99.00  83.00 1020 18.16 | 93.69 79.89 1772 4290 | 84.16 4479 8697 59.13
CLIP+MFB | ¢+ TS5 | 9880 6786 571 _ 1053 | 81.08  60.19 3147 4133 | 7688 4492 8510 5880
CAuSE 19930 5540  50.10 5265 9530 6736 87.68 7619 | 7453 46.27 86.67 60.37
& 99.50  38.15  39.58 38.85 | 9880 69.20 51.65 59.15 | 8750 617 7093 11.35
VisualBERT | ¢+ TS _ | 100.00__ 4005 4135 4069 | 9489 06408 7448 6889 | 7980 527 8012 __ 989
CAuSE ]99.40 ~~ 47.94  55.63 51.50 | 9891 69.40 59.09 63.83 | 87.83 2684 80.19 40.22
I 99.40 3636 237 4.45 97.40 8377 50.71 63.18 [97.40 3333 55.00 41.51
FLAVA | ¢+ TS | 9690 3497 6400 4523 | 9740 8292 5711 = 6764 | 8302 1952 5656 2902
CAuSE 9930  49.68  16.76 25.06 | 97.70  87.20 56.40 68.50 | 80.44 3522 62.08 44.94
I 68.60 3849  99.03 5543|9329 6510 97.07 7793 | 5979 1044  74.79 18.32
Qwen-VL | ¢+ TS5 |61.30 4879 9987 6556 | 8559 6329 7733 = 6961 | 2623 442 7084 = 832
CAuSE [70.60  49.28  100.00 66.02 | 94.09  68.00 99.65 80.84 | 61.15 1840 65.10 28.69

Table 2: Faithfulness Results for various classifiers (M), using CLIP+MFB, VisualBERT, FLAVA, and
Qwen-VL. The table reports the effect of ablating individual loss components from Equation 6. All

scores are shown in %.

Question: Is a storm going on?
¢ :is in the sky above the
clouds

CAUSE: yes because it is black

man is not
treasure.

e-SNLI-VE

Hypothesis: The men are fishermen.
# : The answer is neutral because the

CAUSE: This answer is entailment because
it refers to a man and a woman.

Human: The answer is entailment because
Two fishermen are sorting the nets.

GL: "entailment", M: "entailment"

[T TR EETARTET re.xt: how black people became christians'
# :The answer is not offensive because
not offensive.

CAUSE: This meme is offensive because
it promotes harmful stereotypes about
Jews, suggesting that they are greedy or
untrustworthy

Human: The answer is offensive.

GL: "not offensive", M: "offensive”

necessarily trying to find a

HM

Figure 3: Examples illustrating the faithfulness—plausibility trade-off across the three datasets. In each
case, ¢ produces a more plausible explanation for an incorrect prediction (i.e. unfaithful), while CAuSE
generates a less plausible but more faithful (reflecting a correct prediction) explanation. Both ¢ and
CAUuSE seek to emulate the classifier’s output and provide justifications consistent with the predicted
answer. GL: Ground-truth label, M: Prediction from M.

and F1 score compared to its counterparts (¢, and
¢ + TS) in most cases (cf. Table 2). This re-
sult provides empirical evidence that our proposed
loss, L7, improves causal faithfulness.

Is the faithfulness of CAuSE classifier agnos-
tic? Yes it is largely classifier agnostic since it
maintains faithfulness for all the evaluated models
in most settings. We have used two representative
models from two fusion mechanisms widely used
in literature, CLIP+MFB for late-fusion and Visu-
alBERT for early-fusion. Also, two modern clas-
sifiers are used: FLAVA (Singh et al., 2022) and
Qwen-VL (Bai et al., 2023)°. As noted earlier, we
use Qwen-VL by replacing its language modeling
(LM) head layer with a multi-layered perceptron
(MLP) for classification. For all of these models,
CAUuSE obtains a better CCMR score compared to
the counterparts (¢ or ¢ + T'S) in the majority of
cases. Refer to Table 2 for reference.

Are explanations from various models use-
ful? A critical question is whether CAuSE’s ex-
planations remain useful despite lower plausibil-

Shttps://huggingface.co/Qwen/
Qwen2-VL-2B

838

ity. To investigate this, two annotators indepen-
dently evaluated 150 randomly sampled explana-
tions from CAuSE and ¢ across three datasets us-
ing a 5-point Likert scale (1=poor, 2=fair, 3=good,
4=very good, 5=excellent) on two dimensions:

i) Relatedness: It assesses whether an expla-
nation provides logically coherent justification for
the model M’s prediction, independent of human-
like reasoning (or, GT explanation). For instance,
CAuSE’s VQA-X explanation "yes because it is
black and white" earned high relatedness by mean-
ingfully exposing the model’s shortcut reasoning,
despite diverging from human explanations refer-
encing dark clouds (cf. left-most image of Figure
3).

i) Fluency: It measures the grammatical quality
of the generated explanation.

Annotators accessed inputs and predictions of
M but were explicitly instructed not to consult
ground-truth explanations to avoid bias towards
human-like reasoning. Inter-annotator agreement
was substantial for both metrics: Cohen’s k
0.68 for relatedness and x = 0.76 for fluency.

Table 4 shows CAuSE maintains comparable


https://huggingface.co/Qwen/Qwen2-VL-2B
https://huggingface.co/Qwen/Qwen2-VL-2B

Dataset M B-4 BERTScore

| Ablations | B-1 Dataset Model (M =Qwen-VL)  Relatedness  Fluency
® 070 065 062 059 0.98
LIP+MFB | ¢ + T .67 0.61 0.5 . . . 2.10 3.13
CLIP+ |o+TS | 067 061 057 053 097 Hateful Meme ¢
CAuSE [0.70 0.65 0.62 0.58 0.98 CAuSE 2.23 2.90
® 071 0.68 0.65 0.63 0.97
ViswlBERT | 0+ 7S | 071 068 065 063 097 o SNLLVE O 287 309
Hateful Meme CAuSE [ 067 0.62 059 056 0.96 CAuSE 2.70 291
® 0.62 054 046 038 0.93 1.90 3.05
FLAVA | 6+TS | 053 046 040 034 091 VOA-X ¢A E 2’53 2'
CAuSE™ [061 052 044 036 0.93 CAuS - 35
¢ 058 052 048 045 0.95
Qwen-VL | 6+TS | 068 0.62 057 054 0.95 . .
o sr10ss 0ds oar 0x - -ase -  Tlable 41 Human evaluation scores for relatedness
s 039 033 028 024 091 and fluency across datasets. The model M is
CLIP+MFB | ¢ +TS | 034 028 024 020 0.90
FensEToas 037 0o o ose - Qwen-VL.
é 043 036 031 027 0.91
VisualBERT | ¢ + TS 038 032 027 023 0.90 Dataset Baselines F1 B-1 B-2 B-3 B4 BERTScore
¢-SNLI-VE [ CAuSE~ 1039 032 027 023 090 LLaVA (k = 0) 5844 0090 0010 0010 0010 0.889
) LLaVA (k =2) 46.55 0.120 0.020 0.010 0.010 0.864
¢ 043 036 031 027 091 Hateful Meme | PALGEmma (k= 0) | 45,51 0110 0020 0010 0010 0856
FLAVA | ¢+T7S 042 035 030 026 091 afejut Meme | pyl iGemma (k = 2) | 47.89 0.170  0.040 0.020 0.020 0.878
CAuSE™ 040 032 026 022 0.90 PaLiGemma (FT) | 7233 0410 0270 0.150 0090 0.891
p 042 033 02 oz ool LLaVA (FT) 7238 0400 0270 0170 0130 0.894
QwenVL | 6+TS | 039 031 024 020 091 LLaVA (k = 0) 3312 0220 0070 0030 0020 0876
b am 1o 30 “050 A9~ e~ ~aG1- — - LLaVA (k = 2) 3577 0220 0070 0030 0010 0.869
CAuSE 038 029 023 013 091 SNLI-VE PaLiGemma (k = 0) | 38.78 0.270 0.090 0.030 0.010 0.851
) 043 036 031 025 0.92 oL PaLiGemma (k = 2) | 31.21 0180 0.050 0020 0010 0861
CLIP+MFB | ¢ +TS | 017 014 0.11 009 0.88 PaLiGemma (FT) | 6490 0.190 0.040 0010 0010 0.866
[ CAWSE 1024 0.19 015 012 ~~ 088 LLaVA (FT) 6429 0.220 0.080 0.030 0.020 0.859
LLaVA (k = 0) 8812 0045 0022 0011 0002 0642
) ¢ 0.57 051 046 041 0.94 LLaVA (k = 2) 9111 0033 0014 0007 0004 0.653
VisualBERT | ¢+ 75 | 033 027 022 018 090 vonx | PaliGemma(k=0) | 3505 0004 0001 0001 0.000 0653
VQA-X CAuSE 033 027 023 0.19 0.90 o4- PaLiGemma (k = 2) | 35.74 0.004 0001 0001 0.000 0.651
o os 0m e o LG | i M2 o s ot 07
FLAVA | ¢+T5 | 048 040 035 030 090 WA ED N — . . . .
CAuSE™ 1013 0.1 009 007 0.83
¢ 031 024 017 010 089 Table 5: VLM-based baselines. FT denotes fine-
Qwen-VL | ¢+TS |020 0.2 008 0.05 0.85 .
| causE 023 017 oir 007 oss ~  tuned model. £ = 0/2 shows 0/2 shots prompting

Table 3: Plausibility results for various classifiers
(M) showing the role of ablating various loss com-
ponents in Equation 6.

utility to ¢: slightly higher relatedness (2.49 vs.
2.29 for ¢) but slightly lower fluency (2.79 vs.
3.09 for ¢). The minimal score difference across
both metrics indicates that CAuSE’s enhanced
faithfulness (as measured through CCMR and F1)
incurs a negligible cost in perceived usefulness,
validating that CAuSE explanations, which pur-
portedly expose the model’s true reasoning, retain
value for understanding discriminative classifier
decisions.

5.5 Qualitative studies

5.5.1 MLLM-as-a-Judge Evaluation

To better understand the relative strengths of
CAuSE and its ablated variants, we adopt the
MLLM-as-a-Judge framework (Chen et al., 2024),
which leverages a multimodal large language
model (MLLM) to assess which of several candi-
date outputs best aligns with a reference model’s
reasoning, which in this case, is the frozen multi-
modal classifier M (Visual BERT).

We perform a tournament-style evaluation
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results.

where the MLLM ranks the natural language
explanations generated by: (i) CAuSE: CAuSE
framework with full loss Loause , (1) ¢ + T'S:
CAuSE framework trained with £y + Lrg (i.e.,
without Lrrr), and (iii) ¢: CAuSE framework
trained with £ only.

For each test example, we first compute the
classifier’s LIME (Ribeiro et al., 2016) attribu-
tions, highlighting the most influential text tokens
and image regions used by M to make its pre-
diction. The MLLM then receives the input, the
predicted classifier label, and the corresponding
LIME attributions, along with the three candidate
explanations. It is asked to rank the candidates
based on how well they reflect the classifier’s pre-
diction and saliency map.

Ranking-based scores are then assigned as fol-
lows:

(1) If the ranking is CAuSFE > ¢+TS > ¢, the
assigned scores are 2, 1, and 0, respectively. (ii) If
CAuSE = ¢+ TS > ¢, the scores are 1.5, 1.5,
and 0. (iii) If CAuSE > ¢ + TS = ¢, the scores
are 2, 0.5, and 0.5, and (iv) If all explanations are
judged equally good, each method receives a score
of 1.
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LIME Image Attribution

[ Explicit Causal Detail ]

LIME Text Attr: [black, gay, innocent]
Pred: Offensive

CAuSE: This meme is considered
offensive because it promotes
negative stereotypes about people
who are Black and suggests they are
unintelligent.

¢ : This is offensive because it
promotes  harmful  stereotypes
about women.

@+TS: This is offensive because it
suggests all Muslims are terrorists.
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LIME Image Attribution

[Subtle Visual Attribution ]\

LIME Text Attr: [upside, bar]
Pred: Contradiction
CAUSE: This pairis a
contradiction because the
girlis either playing or
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neously.
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LLM Justification: CAuSE
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Pred: yes

LIME Image Attribution

CAuSE:
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¢ +TS: This is offensive run simultaneously. @+TS: This answer is skiing
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vefih-she means W'"lﬁuﬂo&'m negative stereotype about contradiction because i skiing
people who are muslim. Hypothesis: A dog chasing a they are either playing or Question: What is the lady in
squirrel. \ not playing, not both. ) the foreground doing?
K Hateful Meme E-SNLI-VE VQA-x J

Figure 5: Representative dataset examples where CAuSE underperforms ablations in fluent and coherent

generation.

Final tournament scores are obtained by aggre-
gating these per-sample scores across the entire
test set. As shown in Table 7, CAuSE with the full
loss consistently outperforms its ablations across
all three datasets.

5.5.2 Qualitative Examples from the MLLM
Tournament

To make it clear why CAuSE wins, Figure 4
shows three representative examples (with M as
VisualBERT) where CAuSE was judged best by
our blind MLLM critic. Each row gives: a
LIME image heatmap attribution, the top impor-
tant words from the text as per LIME, the clas-
sifier’s prediction, three candidate explanations,
and the MLLM’s free-text justification. We can
clearly observe that CAuSE can capture most of
the nuances of the classifier attribution, denoted
as Explicit causal detail, and also point out the
visual cues while generating the explanation, de-
noted as Subtle visual attribution. For instance,
CAuSE identifies that the girl is playing in the
third image, which aligns with the LIME image
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attribution, highlighting the girl’s hands in a play-
ful mode.

5.5.3 Failure Modes of CAuSE

In many scenarios, when subtle reasoning is
needed which is not obvious from both textual and
visual inputs, CAuSE fails to produce a coherent
explanation. Figure 5 shows three such cases.

Illustrative Examples. In the first example, due
to the implicit nature of offense (racism), CAuSE
ablations fail to accurately reason why the meme
is offensive (implicit racism), although correctly
highlighting it was closely related to "stereotype".
CAUuSE does not explain anything at all except that
the meme is offensive.

In the second example, the hypothesis states:
"Dog chasing a squirrel." The image does not
clearly indicate whether the dog is actually chas-
ing a squirrel, making the ground-truth label in-
herently ambiguous. Although the classifier pre-
dicts contradiction, it does so with low confidence
(probability of 0.52). As a causal abstraction of



CAuSE

¢ only

»+TS

Ground Truth (GT)

M

i

Ajuggler is performing
outdoors.

entailment because several
people are standing in front
of a building.

entailment because A
man with a mustache is
a type of man.

entailment because A
man is a man.

A juggler is juggling clubs
at an outdoor plaza.

VisualBERT

Entailment

entailment because a man
and running along a track
is performing a stunt while
jumping over a hurdle.

entailment because A
man is a man.

entailment because The
man is a man and the
three people are the
three people.

A juggler is juggling clubs
at an outdoor plaza.

CLIP+MFB

Entailment

Youstnidyoymaiene
6 million sheckles

offensive because it pro-
motes negative stereotypes
about people who are Mus-
lim.

offensive because it pro-
motes negative stereo-
types about people who
are Muslim.

offensive because it pro-
motes a harmful stereo-
type about Muslims.

It promotes anti-Semitism
and hatred towards Jewish
people.

VisualBERT

Offensive

This meme is offensive.

This meme is offensive.

This meme is offen-
sive because it promotes
a number of harmful
stereotypes and preju-
dices.

It promotes anti-Semitism
and hatred towards Jewish
people.

CLIP+MFB

Offensive

This answer bathroom is a
bathroom because A toilet
sits along the back wall.

This answer is a bath-
room because There is a
toilet and toilet paper.

This answer is a bath-
room bath

This answer is a bathroom
because I see a toilet and a
tub.

VisualBERT

Bathroom

The answer is bathroom
because A toilet sits next to
a sink.

The answer is bathroom
because the toilet and
sink are both in the

The answer is bathroom
shower

This answer is a bathroom
because I see a toilet and a
tub.

CLIP+MFB

Bathroom

What kind of room is
this?

room.

Table 6: Error Analysis: These cases demonstrate errors that are prevalent in baselines as well as CAuSE.
For all such cases, the classifier predicted class and the class predicted by the explainers are the same but
the explanation does not completely reflect the underlying scenario.

Dataset CAuSE  ¢only ¢+TS
HM (VisualBERT) 1.08 0.98 0.93
e-SNLI-VE (VisualBERT) 1.15 0.96 0.67
VQA-X (VisualBERT) 1.01 0.87 0.85

Table 7: MLLM Tournament scores for the Ex-
plainers on HM and eSNLI-VE, and VQA-X
datasets.

the classifier, CAuSE reflects this uncertainty in
its explanation by using terms like "Either". How-
ever, it ultimately fails to generate a coherent ex-
planation. In contrast, the other two variants, al-
though mostly incorrect (especially ¢), manage to
produce a more plausible explanation. The third
example demonstrates CAuSE’s poor fluency. Al-
though its reasoning is correct and plausible, the
explanation contains grammatical mistakes and is
a clear case of confabulation. In contrast, ¢ gener-
ates more natural and fluent text.

5.6 Generic Error Analysis

In Table 6, we selected three examples, one from
each dataset, to illustrate two broad categories of
cases where both baselines and CAuSE fail in gen-
erating logically valid explanations.

Lack of fine-grained representation. In
the first two examples from e-SNLI-VE dataset,
the hypothesis states: “A juggler is perform-
ing outdoors,” and the premise is entailed, as
supported by the ground-truth explanation: “A
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juggler is juggling clubs at an outdoor plaza.”
While CAuSE and its counterparts correctly match
the classifier’s prediction (both for VisualBERT
and CLIP+MFB), the generated explanations fall
short; CAuSE omits key details (e.g., the word
“juggling”), and others produce incorrect out-
puts. These errors likely stem from limited object-
level details in the initial representation c used by
CAUSE. The last two examples from the VQA-X
dataset exhibit a similar issue. Although CAuSE
and comparable methods produce predictions con-
sistent with the ground truth and generate largely
accurate explanations, they fail to attribute the la-
bel to the presence of the bathtub, which is only
faintly visible in the input image.

Implicit semantic category. In the third and
fourth examples (from Hateful Meme dataset), al-
though CAuSE correctly predicts the output class
as offensive, it does so for the wrong reasons. This
is true for other counterparts as well. Due to the
explicit content in the meme, all the models, in-
cluding CAuSE diagnose that the meme is offen-
sive based on general stereotypes, but they could
not point out "antisemitism", as neither the image
nor the text explicitly conveys the historical con-
text of the Holocaust, where six million Jews were
killed. Without this implicit context, no model can
pinpoint antisemitism present in this meme.



6 Related Work

Interpretability. Interpretability is crucial for
building trust in Al systems within human society.
Techniques like LIME, SHAP and RISE (Ribeiro
et al.,, 2016; Lundberg and Lee, 2017; Petsiuk
et al., 2018) explain classifier predictions by pro-
viding feature-level explanations for local inter-
pretability. Although model-agnostic, these meth-
ods lack global interpretability, which is addressed
by GALE (van der Linden et al., 2019), where
local explanations are aggregated into a global
model understanding. Approaches like Smooth-
Grad (Smilkov et al., 2017) and Integrated Gradi-
ents (Sundararajan et al., 2017) utilize input gra-
dients for model explanation, while CAM (Zhou
et al., 2016) highlights critical pixels for decision
making in visual classification. Counterfactual
generations (Chang et al., 2019; Mothilal et al.,
2020; Goyal et al., 2019) also offer insights into
the inner working of the model by revealing de-
cision boundaries. However, most of these meth-
ods often overlook implicit features behind model
decisions and lack natural language explanations.
To address these limitations, we propose a novel
framework for classifier explanation which gener-
ates both faithful and plausible (human-like) natu-
ral language outputs.

Causal Interpretability. Causal interpretabil-
ity refers to the ability to explain a model’s deci-
sions by identifying the cause-effect relationships
between input features and the model’s output.
Feder et al. (2022) demonstrated how incorporat-
ing causal reasoning in NLP tasks can improve
model predictions and enhance interpretability by
going beyond simple correlations between input
features and outputs. Further works by Geiger
et al. (2021); Vig et al. (2020); Meng et al. (2022)
have focused on causal abstraction and causal me-
diation analysis, helping to create causally faithful
models and identify direct and indirect causal fac-
tors behind certain model behaviors. In addition
to generating counterfactuals, testing models on
counterfactual inputs is another critical aspect of
understanding model behavior. Since creating ex-
act counterfactuals is challenging (Abraham et al.,
2022; Calderon et al., 2022), recent research has
focused on approximations (Geiger et al., 2021) or
counterfactual representations (Feder et al., 2021;
Elazaretal., 2021; Ravfogel et al., 2021). Our pro-
posed counterfactual metric CCMR is inspired by
these counterfactual representations. Moreover,
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most of the existing works focus on single modal-
ity (Feder et al., 2021; Goyal et al., 2020). In con-
trast, the natural language explanation provided by
our framework is model and task-agnostic, and ca-
pable of handling multimodal inputs.

7 Conclusion and Future Work

In this paper, we presented CAuSE (Causal Ab-
straction under Simulated Explanation), a novel
framework for generating causally faithful natu-
ral language explanations for discriminative mul-
timodal classifiers. By integrating Interchange In-
tervention Training (IIT) with a Language Model
(LM) based module, CAuSE addresses the limi-
tations of existing interpretability methods, ensur-
ing explanations are directly tied to the classifier’s
reasoning. Our proposed CCMR score highlights
CAuSE’s improved faithfulness performance on
datasets like e-SNLI-VE, Hateful Memes, and
VQA-X.

While CAuSE demonstrates robust task-
agnostic performance, future work will focus on
enhancing fine-grained object-level representa-
tions and extending the framework to temporal
data, such as video and audio. Additionally, we
aim to explore how self-supervised learning and
deeper integration of implicit cultural knowledge
can further improve the framework’s scalabil-
ity and contextual understanding in real-world
applications. Currently, CAuSE is tailored for
discriminative classifiers and adapting it for
generative models is an area for future research.
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A Proofs

Lemma 1. (Simulation) Considering the weights
of Co and Cy remain the same throughout the
training process, using IIT between them ensures
F(c) = (Ao g o)(c) = E(t,v), where ¢ =
E(t,v). Informally, the LLM machinery (F
(Ao ¢ o)) simulates the behavior of E.°

Proof. This proof establishes the principle in a
simplified and idealized setting with a two-neuron
linear representation, demonstrating that the II'T
training objective drives F to behave as an identity
function. Also, note b = (¢, v)

We first assume that the weights of C; and Cs
are w and w’, respectively, and they remain fixed
throughout training. Using R ,,atch, w = w'. For
simplicity, we assume both C; and Cs are simple
two-layer fully connected feedforward neural net-
works with two dimensional linear logits.

Define the two logits for ) under the inter-
change intervention as o7 := 2?21 w1; E(b);

and oy = Z?legiE(S)i, and for Cy
as of = Y ufF(EW): and of

23:1 wh, F(E(s));. By IIT objective and condier-

ing, w = w’, on softmax output logits, we have

F
€01 07

eo1 + e02

(&

F P
e’1 + e%

(7)

Here, b and s are the base and source inputs,
respectively, for E. Correspondingly, F/(b) and
E(s) are the base and source inputs for F.

Assume, for contradiction, that E(b) #
F(E(b)). Then there exists some j such that
B(b); # F(E®);. Let. E[] = [p.q] and
F[Eb]] = [p1p, p2q]. Here we implicitly assumed
that the explainer mapping acts componentwise on
encoder outputs, i.e. for any z € R? we write
F(2) = 6(2) © 2 where 6(2) = (p1(2), pa(2))
consists of continuous scalar-valued functions.
Further, we restricted attention to encoder outputs
in the domain of interest U (i.e., E(z) € U),
which is a non-empty open subset of encoder rep-
resentations (S = {E(x) : * € Dg} C R?),
where p1(z) and pa(z) are constant (locally on U),
so F([p,q]) = [pip, p2q] for fixed scalars pi, pa
onU.

Let (s;,b;) pairs be sampled from the Carte-
sian product Dg X Dg. Assuming IIT equali-
ties to hold over all (s;,b;) € Dg x D exactly

% A o B denotes the composition operation between A and
B.

847

(KL=0), and restricting our attention to diagonal
pairs (b, b), E(s) = E(b).

So, considering FE(s)
wi =B, w2 =7,
can write Equation 7 as:

E(b), and denoting,

w1 = (5, w22 = €, WE

Bp(1 —p1) +vq(1 — p2)
= log (exp(Bp + vq) + exp(dp + €q))
)
— log (exp(Bp1p + vp2q) + exp(dp1p + €p2q))
>

®)

Similarly, considering intervention on the sec-
ond set of neurons:

op(l—p1) +eq(l —p2) =Q—-Q° (9

Equations 8 and 9 both hold true if any one of
the following conditions is satisfied:

i) f=dandy=¢

ii) E(b) is a zero vector
iii) pp =p2 =1

The first condition is impossible (degenerate),
because even though weights of C; and Cq are the
same, the weights of C; are fixed, and pairwise
equality of weights for Cy is not enforced during
training. The second condition is false because
E(b) € U is fixed for any b and is not a zero vec-
tor. Assuming U is non-degenerate so that p and ¢
vary independently on U and using that U is open,
the above identities can hold for all (p,q) € U
onlyifl—p; =1—py=0,i.e. py =p2=1o0n
U, implying

O]

Theorem 1. (Causal Abstraction) If C1 and Co be-
come identical (their weights are equal and they
are a causal abstraction of each other), the ex-
plainer becomes a causal abstraction of M and
vice versa.

Proof. We treat ' and F' as black boxes, assuming
E is injective on the domain of interest Xy € U
to ensure a well-defined left-inverse /3, which can
be seen as a standard identifiability assumption for



The linear layer or MLP that projects the encoder representations into the LM

Notations Meaning

E Encoder of the multimodal classifier (VB, CLIP+MFB)

C The feed forward layer of the multimodal classifier

M The multimodal classifier, CAuSE seeks to explain (C; o E)

P

10} The LM (GPT-2) finetuned in our framework.

A The aggregator that takes the LM output and aggregates it into vectors.
Co The feed forward layer of CAuSE, which is identical to C;

F (LLM machinery) This is the combination of the MLP, LM and the Aggregator (A o ¢ o 1))
Explainer All the components taken together (Cy o F')

CAuSE

The Explainer along with its losses and the training paradigm.

Table 8: The revised notations that are used throughout the paper

causal abstraction. Since C; and Co share the same
architecture, we permit neuron-level interventions
on them while treating other components as ob-
servable only via inputs, outputs, and intermedi-
ate states. To verify if the explainer forms a valid
causal abstraction of M, we analyze three cases:

We assume there exists a correspondence be-
tween inputs of F, called z and inputs of F', called
z. For intervention on z, do(x = '), we inter-
vene z to 2’ as do(z = 2’), but we cannot arbi-
trarily choose 2/, as a plausible causal abstraction
between M and explainer with respect to the in-
put would require for each high-level intervention
do(x = z'), there is a corresponding low-level
intervention do(z = «(z')) whose result agrees
with the high-level model. Following the stan-
dard definition of causal abstraction, we only align
interventions on z of the form z = a(z). Ar-
bitrary z-values lie outside the image of o and
thus have no corresponding high-level interven-
tion, so they are excluded from the abstraction
guarantee. F' is a good choice for «, because it
is already a mapping between x to z and if we
choose a(z) = E(x), then yo = Co(F(a(x)))
Co(F(E(x))) = Co(E(x)) = C1(E(x)) = 1.

If we intervene x to x/, we will also intervene
z to a(z’). Also, yfo(x:x) := C1(E(2")) Un-
der this assumption: y2°C=*) = Cy(F(2))
Co(F((do(z' = ala')))) Co(B('))
Ci(B() =y

We restrict our analysis to 2’ in the image of E,
ie. 2/ = E(a') for some z’. Then there exists a
partial inverse 5 : E(Xp) — X, B(E(2))) = 2/,
or (') = 2/ forall 2’ € Im(E).

So if we intervene on z to make it 2/,
we assume that intervened 2z’ is also an im-

age of some intervened z/, and 2/ = [(2).
Denote, ygo(zzz) = Co(F(2')).  Under
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these assumptions, yilo(x:m/) = C1(E(2))) =
Ci(E(do(x' = B(z)) = C(E(B(Z)) =
CL(F(E(B(2))) = Ci(F(2) = C(F(2) =

Co(F () = y3?=),

This is easier to do for intermediate representa-
tions. Let us denote the intermediate representa-
tion of F' as kp = F(z), where z = E(x). We
transform F'(E(x)) to F(E(x)) as do(kr = k).
Before this transformation, as F/(FE(z)) = E(x),
we know the intermediate representation for F
(i.e. kp) would be equal to kp = F(E(x)) too.
So, kg = kp. As we have kg = kg, hence all
interventions on kg and kp are interchangeable.

So, kY = klp, if do(kp = kl), and k7, :=
kly, if dcz(k:E = k). So, under do(kp

N = () = Culky) = k) =

Ya
yilo(kE:k,E) o(kp=kTp) =

. Similarly, 3]

Ca(K)p) = Ca(klp) =y 7 =rF),

If a neuronal intervention is performed inside
C; or Co, the outputs will still match, because C;
and Co are trained to be causally equivalent via
the IIT loss and are structurally identical, ensured
by Rmatch- Note that any input intervention at the
level of C; and Cs falls under the previous case for
intervention on intermediate representation, and is
already covered.

O

B VLM self-explanation inconsistency vs
CAuSE

VLM can be a candidate for generating the expla-
nation of an already trained classifier but as em-
pirically shown in Section 5.3, VLMs suffer from
lower F1 score even after finetuning, due to its non
access to the representation from M. Through an
example below (Figure 6), we also try to explain
the VLM failure example under a counterfactual
setting while our method CAuSE succeeds.



This figure demonstrates that our model pro-
vides more faithful post-hoc explanations under
counterfactual scenarios. Unlike LLMs, which of-
ten fail to justify their original explanations when
the input is minimally changed, our model updates
its explanation to reflect the classifier’s altered de-
cision

Part @ illustrates that the LLM is unfaithful to
its own explanation. It claims that modifying a
specific aspect of the image would change its clas-
sification from offensive to non-offensive. How-
ever, even after altering the input as suggested, the
model’s label remains unchanged. This demon-
strates that standard VLMs often fail to remain
consistent with their own explanations. In con-
trast, our proposed framework CAuSE exhibits ro-
bust behavior in the same scenario. When pre-
sented with a counterfactual instance ®—i.e., a
minimally edited input that causes the M’s output
to change (see M’s output in @ and ®)—finetuned
¢ (trained with Lo 4,5E) updates its explanation
accordingly.

C Bound for Full Neuron Coverage

We aim to find the number of training repetitions,
N, required to sample and intervene on all n neu-
rons in the network with a high probability, 1 — 4.
During each repetition, we uniformly sample a
fraction p; = 0.2 of the neurons at random.

Derivation of the Bound

The probability that a specific neuron is not sam-
pled in a single round is (1 — ps). Since the sam-
pling rounds are independent, the probability that
a particular neuron ¢ is not sampled in any of the
N repetitions is P(E;) = (1 — ps)™.

To ensure all neurons are covered, we must
bound the probability that at least one neuron is
missed. Using the union bound (Boole’s inequal-
ity), we can express this probability as:

P(O&)gi}wmznuﬂmN<m
i=1 i=1

We require this failure probability to be no
greater than a small threshold ¢, leading to the in-
equality n(1 — ps)”Y < 4. Solving for N by taking
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the natural logarithm of both sides yields:

1-p)V<? (1)
n

NIn(1l —ps) <In(d) — In(n) (12)

N> In(n) — In(d) (13)

— —1In(1 —ps)
Since In(1 — py) is negative for 0 < p; < 1, the
inequality is reversed during the final step of the
derivation.

Application to Our Network

For the classifiers C; and Cs, the total number of
neurons is n = 557, 440. Setting a desired success
probability of 99.999% (i.e., § = 10~°), and using
ps = 0.2, we can apply Equation 13 to calculate
the required number of repetitions:
In(557440) — In(107°)
—1In(0.8)
Thus, we need at least N = 111 repetitions. With
a batch size of 16, this corresponds to processing
111 x 16 = 1776 training samples. As the training
sets for both of our datasets contain more than this
number of samples, we can be confident that all
neurons are sampled and intervened upon within a
single training epoch.

N >

~ 110.9

D Hateful Meme Classification
Explanation Dataset Preparation

The dataset was created in a similar approach to
the methods used in works such as (Feng et al.,
2021; Schick and Schiitze, 2021). Specifically,
GPT-40 LLM was used to generate explanations
for each meme in the Facebook Hateful meme
dataset(Kiela et al., 2020).

Evaluation scores Relevance Distribution (%) \ Kappa
Model ‘ Relevance ‘ Fluency | NR ‘ PR ‘ HR ‘ Relevance
GPT-40 ‘ 2.34 ‘ 0.94 18 ‘ 33 ‘ 49 ‘ 0.44

Table 9: Human evaluation results for LLM gen-
erated explanation. Here, NR: Not relevant, PR:
Partially relevant, HR: Highly relevant.

There were 3 main steps, (i) zero-shot
template-based prompt design, (ii) inferenc-
ing by the LLM, and (iii) manual test set cre-
ation using post-processing. The template-based
prompt design incorporates a caption generated by
the state-of-the-art captioning model OFA(Wang
et al., 2022), along with visual entities retrieved
from the Google Cloud Vision API’. An example

"nttps://cloud.google.com/vision


https://cloud.google.com/vision

VLM Inconsistent
e

CAUSE Consistent
e

( > Model

[ > Human

i ootz
Is this meme offensive? If yes, answer in one
line.

‘ is this meme offensive? think hard and answer ‘
in one line

(Yfes—because It stereotypes a racial group (White)
people”) and jokes about school shootings,
trivializing real violence.

Yes—it's offensive because it uses dark humor
) |totrivialize school shootings by implying violent

[NIENWHIENConElEAmiaY

Frozen
H> prametors

Counterfactual

Make a minimal edit (one word) to the meme L retaliation based on the word “schools.”

text such that you answer it is not offensive.

Change “white” to
“people””

Finetuned ¢ using

Finetuned ¢b using Lc aus
CausE

Right: VLM self-explanation

Left: VLM self-explanation under
under counterfactual input

normal input

®

Offensive

v

Not
Offensive

®

NLE: "meme is not offensive: it

NLE - "offensive as its purported
is a joke."

racism is inherent"

4

under normal input

¢

under counterfactual input

Figure 6: @ Left: Given a meme, a VLM (GPT-5.2 (https://chatgpt.com/)) predicts a label
and provides a corresponding explanation. @ Right: Under a counterfactual input, the explanation re-
mains unchanged despite the altered input, indicating model unreliability. @ and @ illustrate how the
NLE adapts to the counterfactual input along with the prediction. The NLE generated by CAuSE is
therefore faithful to the multimodal classifier’s prediction, as defined by Atanasova et al. (2023). The
example input, the counterfactual generation process and the VLM inference pattern in @ are adopted

from Bandyopadhyay et al. (2024b)
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this meme is offensive
because it makes light of the
holocaust, one of the most

1€ it il

this meme is offensive because it
promotes a number of harmful

this meme is considered offensive
because it promotes negative

horrific events in  human
history.

Highly Relevant (3)

ypes and prejudi

Partially Relevant (2)

ypes about women.

Not Relevant (1)

Figure 7: Example of relevance score used for evaluation of generated explanation from LLM.

prompt-response pair is shown in Figure 8.

In step two, standard LLM greedy inferencing
is employed to generate an explanation (LLM re-
sponse) for a given prompt. To ensure the quality
of the LLM-generated explanations, three evalua-
tors were hired to check the quality of the explana-
tions for a collection of 200 sampled memes. The
evaluators are chosen from a pool of Masters’ CS
students in the age range of 22-27, who have pre-
vious similar annotation experience. They were
asked to rate the relevance of the generated ex-
planation on a scale of / (Not relevant), 2 (Par-
tially relevant) or 3 (Highly relevant), based on
how well it reflected the reason for offensiveness
(cf. Figure 7), and the fluency of the explanation
on a continuous scale from 0 to I, based on how
grammatically correct it was (Desai et al., 2022;
Kayser et al., 2021).

The complete evaluation statistics are reported
in Table 9, which shows that the quality of the gen-
erated data is quite good. The Cohen kappa (Co-
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hen, 1960) score obtained is 0.44, indicating fair
agreement among the raters.

Finally, from the offensive class examples in
the test set, every LM explanation was post-
processed if the LLM annotation does not prop-
erly reflect the ground truth reason behind a
meme’s purported offensiveness. To achieve this,
the three evaluators (the same as the above) were
specifically instructed to i) trim a longer expla-
nation into a single sentence, ii) remove redun-
dant information from the LLM responses, and iii)
rewrite generated explanations that obtain low rel-
evance scores to make them more relevant to the
input meme.

Categorization of post-processing. Out of 596
offensive examples, in the test set, 297 examples
had to be manually post-edited (giving the per-
centage of post-edited samples to 49.8%) upon
manual inspection, which means all of the not rel-
evant (18%) and almost all of the partially relevant
(33%) samples were manually post-edited.
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a man in a suit standing at a podium talking into
microphone.

a
[T]

[ZusLAn Trudeau, Ottawa, Canada, United States }[E]

Prompt: I have a meme which can described as
a man in a suit standing at a podium talking

into a microphone. Meme contains entities
like Justin Trudeau, Ottawa, Canada, United
States. The meme text reads: "i can j X
ith n 1i <illing ian X i
lutel ill not lera r ian

riticizing lims"™ Tell in brief wh is
this meme considered offensive.

Figure 8: Dataset annotation process via template-based prompt design for LLMs.

Response:
suggests that Muslims are responsible for
killing Canadians, which is not accurate.
It is not appropriate to make bla
statements linking
criminal

This meme is offensive because it

ket
group to
ribute to

any particul
as it can co
and prejudice against

behavior,
attitudes

[T] refers to the

caption, [C] refers to the meme text, and [E] is the set of extracted entities. All of them are combined to
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LLM: this meme is
offensive because it
suggests that irish slaves
were somehow responsible
for april fool's day.
Post-edited: this meme is
offensive because it
suggests promotes rape
culture and fetus killing
with sarcastic
connotations.

< [hecaiiset nl m M‘A
high mercury:

Medium Similarity

Low Similarity

PR B ca1 r~ rrm rma 1o 1

LLM: this meme is

considered offensive

LLM: this meme is
considered offensive

because it promotes
misinformation about
autism.

Post-edited this
meme is considered
offensive because it
promotes

because it promotes
racism, bigotry, and
hatred towards people of
german descent.
Post-edited: this meme
is considered offensive

because it promotes
racism, bigotry, and
hatred towards people of
african descent.

misinformation about
autism and mocks
freddie mercury and

* siabfinu:e

his band queen.

—

High Similarity

Figure 9: Example post-edits by similarity categorization between before-after edit samples.

We categorize samples into three groups based
on BERTScore similarity between the original and
post-edited text: low (below the 25" percentile,
< 0.925), medium (25%-75" percentile, 0.925—
0.973), and high (above the 75" percentile, >
0.973). Notably, the high 25th percentile cutoff of
0.925 indicates that even the low-similarity group
required only minor post-editing. Figure 9 shows
examples from each group.

Annotation portal. We make use of an annota-
tion portal shown in Figure 10 for post-processing
and generating post-processed gold explanation.

The ‘Gold explanation’ field in the annotation
portal refers to the LLM-generated explanation. In
Figure 10, the LLM-generated explanation does
not properly reflect the exact reason behind the
meme’s offensiveness. This is where the ‘Edited
Reference’ field comes into play. This field is kept
to make changes to the LLM-generated ‘Gold Ex-
planation’, such that this properly reflects the of-
fensiveness behind a meme. We finally use the
edited sentence using the gold-standard annotation
as test set used for evaluating all our models.

851

Offensive Memes - Annotation Portal

whats the difigrence hetween

santaant the jews

Gold Explanation: this meme is offensive because it compares jews 1o santa claus, a mythical figure.

Edited Reference :

mo i offansive becauso t makes fun of holocaust victims.

[[Submit

Figure 10: Depiction of the annotation portal.



