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Abstract

Concept-based models (CMs), deep neural net-
works that ground their predictions on represen-
tations aligned with human-understandable con-
cepts (e.g., round, stripes, etc.), have been
shown to learn representations that leak concept-
irrelevant information. As the traditional narrative
goes, this leakage is undesirable and should be
eradicated as it leads to uninterpretable models.
In this paper, we posit that this conventional view
of leakage in CMs is not only ill-posed, as the
evidence of how leakage makes a model less in-
terpretable is often inconclusive, but also bound
to lead to impractical CMs under common real-
world constraints. Specifically, we argue that in
real-world settings where concept incompleteness
is the norm, some leakage is often necessary for
constructing accurate and intervenable CMs. To
this end, we propose that there is such a thing as
benign leakage and show that, by optimizing a re-
framing of the typical CM training objective, CMs
can encourage and exploit this form of leakage
without sacrificing accuracy or intervenability.

1. Introduction

The field of machine learning is teeming with phenomena
whose nature has been misconstrued by early incomplete
explanations. Batch Normalization (Ioffe & Szegedy, 2015)
is still frequently explained as improving optimization by
mitigating internal covariate shift, despite substantial empir-
ical and theoretical evidence that this mechanism is, at best,
secondary (Santurkar et al., 2018; Bjorck et al., 2018; Lipton
& Steinhardt, 2019). Likewise, generalization phenomena
in Deep Neural Networks (DNNs), such as grokking (Power
et al., 2022), double descent (Belkin et al., 2019), and be-
nign overfitting (Bartlett et al., 2020), are often framed as
phenomena unique to DNNSs, even though closely related
behaviors have been demonstrated across a range of model
classes (e.g., see Wilson 2025). A similar pattern appears in
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common interpretations of attention: attention weights are
frequently treated as causal explanations for model predic-
tions, despite strong evidence that they do not, in general,
faithfully reflect a model’s decision process (Jain & Wallace,
2019; Serrano & Smith, 2019; Wiegreffe & Pinter, 2019).
This paper aims to prevent the mischaracterization of an-
other phenomenon that risks a similar trajectory, namely the
effect of information leakage in concept-based models.

Concept-based models (CMs) (Alvarez Melis & Jaakkola,
2018; Koh et al., 2020; Yuksekgonul et al., 2023; Oikarinen
et al., 2023), a rapidly growing class of methods in explain-
able artificial intelligence (XAI) (Poeta et al., 2023), are
models that ground their downstream predictions in repre-
sentations aligned with human-understandable concepts. A
growing body of work has shown that the concept repre-
sentations learned by CMs are often prone to information
leakage, in which concept representations encode informa-
tion that is not strictly attributable to their intended seman-
tics (Margeloiu et al., 2021; Mahinpei et al., 2021). The
prevailing narrative treats such leakage as inherently unde-
sirable and calls for its elimination, typically arguing that
leakage undermines the interpretability of CMs (Marconato
et al., 2022; Havasi et al., 2022; Espinosa Zarlenga et al.,
2023a; Parisini et al., 2025). In this paper, we argue that this
strict view of leakage is ill-posed and counterproductive.

Importantly, we do not claim that leakage is never harmful.
Rather, we argue that treating leakage as a purely negative
and uncontrollable property obscures important distinctions
and leads to design choices that render CMs impractical un-
der common real-world constraints. In particular, in settings
where concept incompleteness is the norm, enforcing strictly
non-leaky representations can preclude both high task accu-
racy and effective test-time interventions. As there is sig-
nificant evidence that both of these properties are attainable
even in the presence of leakage, we take the position that
not all forms of leakage are malign, and that a controlled
form of benign leakage can be necessary and desirable
for constructing accurate and intervenable CMs.

To substantiate this position, we first describe a general
framework for analyzing CMs (Sec. 2) and use it to formal-
ize information leakage (Sec. 3). Then, we summarize the
dominant arguments against leakage (Sec. 4) and make the
case that some degree of leakage, which we define as benign
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leakage, is often desirable if CMs are to remain useful in
incomplete real-world settings (Sec. 5). Finally, we show
that this form of benign leakage can be compatible with the
core desiderata of CMs, including task fidelity and interven-
ability, provided that CMs are trained to minimize their task
loss when all concepts are intervened (Sec. 6). In doing so,
we show that, contrary to common narratives, leakage does
not imply that a CM loses the characteristics typically asso-
ciated with its interpretability and may, instead, be necessary
for building accurate CMs in real-world conditions.

2. Background

A concept-based model (CM) n : X — ) x C is a DNN
that maps features x € X C R” (e.g., pixels) to a down-
stream task prediction y € ) (e.g., bird species) and a
concept-based explanation p € C (e.g., black_wings,
medium_sized). Here, without loss of generality, we
assume y € [0,1]% is a distribution over L labels and
p € [0,1]% is a vector of concept scores, with p; approxi-
mating the probability that concept C; is present in x. Tra-
ditionally, most CMs assume access to a training dataset
D ={(x\9,c¥),y)}N |, where each input is annotated
with a downstream label y/) € {1,..., L} and a vector
of k binary concept annotations ¢/} € {0, 1}*. To obtain
this dataset, concept annotations may be provided by ex-
perts (e.g., radiologists’ notes) or obtained via label-free
pipelines (Oikarinen et al., 2023; Yang et al., 2023; Rao
et al., 2024). Considering this setup, we now describe
CBMs, a unifying framework for studying CMs.

Concept Bottleneck Models Given a concept-annotated
dataset D, most CMs can be framed as a Concept Bottleneck
Model (CBM) (Koh et al., 2020). In its general form, seen
in Figure 1, a CBM is a pair of functions M = (g, f), both
parameterized as DNNs, supported by a scoring function
s : RFX™ — [0, 1]%. The first function g : R® — R¥*™
called the concept encoder, maps input features x to k con-
cept representations ¢ = (¢q,...,¢x), where ¢; € R™.
CBMs learn ¢ such that the -th output of the scoring func-
tion s(¢) = p € [0,1]¥, namely s;(¢) := p;, approxi-
mates P(C; = 1 | X = x). Then, the label predictor
f: RF>m [0 1]F takes the representations ¢ and pre-
dicts a downstream task label distribution y = f(¢).

Together, the composition ) = (f o g) forms a predictor
x +— ¥ whose output can be explained by the concept
bottleneck’s scores p = s(g(x)). Therefore, when trained
to align p with c, 7 is considered interpretable. In practice,
this is achieved by learning the parameters of g and f such
that a combination of a task loss £, (f(g(x)),y) (e.g., cross-
entropy) and a concept loss L.(s(g(x)),c) (e.g., binary
cross-entropy) (Koh et al., 2020) is minimized. These losses
may be optimized independently, sequentially (training g
before f), or jointly (minimizing a weighted sum).
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Figure 1. A generalized Concept Bottleneck Model (CBM).
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The simplest instantiation of this framework is a Sigmoidal
CBM (Koh et al., 2020), where each concept is represented
by a single sigmoidal scalar (m = 1) and s is the identity.
More recent works have explored richer representations and
scoring mechanisms, including embedding-based concept
representations (Espinosa Zarlenga et al., 2022; Kim et al.,
2023; Xu et al., 2024; Espinosa Zarlenga et al., 2025), logit-
based (Koh et al., 2020) or unbounded scores (Yuksekgonul
et al., 2023; Oikarinen et al., 2023), and bottlenecks aug-
mented with residual or unsupervised side-channels (Mahin-
pei et al., 2021; Havasi et al., 2022; Hu et al., 2025).

Concept Interventions CM:s that can be framed as CBMs
support test-time feedback via concept interventions (Koh
et al., 2020). An intervention on concept ¢, denoted as g(x |
C; :=v), consists of modifying the concept representation
¢; such that it corresponds to a desired concept value v €
[0, 1], typically by setting &; := s; ' (v) when s is invertible.
The modified representation is then propagated to the label
predictor, which may in turn update its task prediction.

Concept interventions are commonly framed as a mecha-
nism for correcting mispredicted concepts: when predicting
a high-level concept is easier than predicting the down-
stream task (e.g., black_wings versus bird species), a
user can correct erroneous concept predictions, thereby im-
proving task performance. However, this view understates
their broader utility. Concept interventions also provide a
natural interface for supplying high-level hints to the model,
expressed in a vocabulary shared by experts and the model
itself (i.e., the concepts). For example, through an interven-
tion, a radiologist may indicate the presence of “bone spurs”
on an X-ray before the CM processes the input features,
effectively conditioning the CM’s inference on prior knowl-
edge that cannot be easily communicated through low-level
feature manipulations (e.g., via pixel-level manipulations).
More recent works have explored when and where inter-
ventions should be made (Shin et al., 2023; Chauhan et al.,
2023; Pugnana et al., 2025), as well as how to increase
the effectiveness of interventions (Espinosa Zarlenga et al.,
2023b; Steinmann et al., 2024; Vandenhirtz et al., 2024).

Desiderata of CMs CMs are typically designed to achieve
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predictive accuracy and interpretability. Although there is
a lack of a task-agnostic, measurable definition of “inter-
pretability” (Doshi-Velez & Kim, 2017), the existing lit-
erature on CMs commonly evaluates these two properties
based on three measurable proxy metrics:

1. Task Fidelity: how accurate are the CM’s downstream
task predictions? (i.e., is f(g(x)) ~ y?)

2. Concept Fidelity: how accurate are the CM’s explana-
tions? (i.e., is s;(g(x)) ~ ¢; foralli € {1,--- ,k}?)

3. Intervenability (Laguna et al., 2024): when provided
with ground-truth concepts c, is the CM’s task prediction
the same as an expert would provide for c¢? (i.e., does
task fidelity increase as we intervene on more concepts?)

While task and concept fidelity are expected desiderata, in-
tervenability plays a distinct role in CMs: it provides an op-
erational test of whether the model correctly uses concepts
when making predictions. By examining how predictions
change under concept interventions, one can assess whether
the model’s reasoning aligns with that of the experts who
annotated a test set with concepts. Therefore, intervenability
allows us to discriminate between a CM that treats concept
predictions as outputs disconnected from task inference and
a model that reasons about its downstream task prediction
based on the high-level concepts it has at its disposal.

Having established a framework and a set of desiderata for
studying CMs, we now define information leakage in CMs.

3. Defining Information Leakage in CMs

Recent works have shown that a CM’s concept representa-
tions ¢ = g(x) may encode information that is not strictly
attributable to their intended semantics (Margeloiu et al.,
2021; Mahinpei et al., 2021). For instance, by analyzing
saliency maps of concept encoders in CBMs, Margeloiu
et al. (2021) showed that high concept accuracy does not
imply that a concept predictor relies exclusively on concept-
specific features. Follow-up work by Mahinpei et al. (2021)
demonstrated that representing concepts via soft (continu-
ous) representations (e.g., logits or probabilities) can allow
a label predictor to exploit information about other concepts
or the downstream task. Related work further showed that
such representations may fail to respect the spatial locality
of concepts in the input (Raman et al., 2025). Collectively,
these observations motivate the view that accurate concept
prediction alone does not guarantee that concept representa-
tions form an effective bottleneck (Almudévar et al., 2025).

Forms of Leakage Previous works (Parisini et al., 2025;
Makonnen et al., 2025) distinguish between two forms of
leakage (represented in Figure 2). Inter-concept leakage
refers to the case where the representation ¢; of concept
¢; contains information about concept c; beyond what is

present in the ground-truth concept labels. Formally, this
implies that I(Cy; C;) > I(Cy; Cy), where C; and C; de-
note the random variables associated with the representa-
tion and ground-truth label of concept ¢;, respectively, and
I(-;-) is the mutual information. In contrast, task leakage
refers to a concept representation encoding information on
Y that is not attributable to the concept itself, i.e., when
I(Ci;Y) > I(Cy;Y), with Y denoting the downstream task
label. Notice that, in practice, C; is typically continuous
and high-dimensional. Therefore, the quantities character-
izing both forms of leakage can only be estimated (Makon-
nen et al., 2025; Parisini et al., 2025) or assessed via prox-
ies (Mahinpei et al., 2021; Espinosa Zarlenga et al., 2023a).

Leakage via Bypasses and Side Channels Leakage may
also arise from modeling choices in the label predictor. In
particular, several CMs allow the predictor f(-) to exploit
information outside the concept bottleneck ¢ via bypasses
or residual connections of the form f(¢, ¥ (x)), where ¥ (x)
is an unconstrained representation of the input (Sawada &
Nakamura, 2022; Yuksekgonul et al., 2023; Havasi et al.,
2022). For example, Hybrid CBMs (Mabhinpei et al., 2021)
explicitly add k&’ unsupervised activations 1(x) € R¥' to
the bottleneck ¢, which f can exploit to make its label pre-
diction. Such designs are typically motivated as pragmatic
responses to incompleteness in the concept annotation set
c. In those instances, restricting the label predictor to oper-
ate on the bottleneck alone can substantially degrade task
fidelity (Espinosa Zarlenga et al., 2022). From the perspec-
tive of leakage, such bypasses constitute a direct route for
task-relevant information to influence predictions. Accord-
ingly, we treat 1)(x) as a shared concept representation that
may carry both inter-concept and task leakage.

Now that we have formalized what leakage is, we consider
how leakage has been framed in the existing literature.

4. Alternative Views: Against Leakage

The CM literature holds the prevailing view that leakage is
a purely negative property of CMs that should be avoided
whenever possible. This has motivated methods for prevent-
ing leakage (Marconato et al., 2022), mitigating its pres-
ence (Havasi et al., 2022; Sheth & Ebrahimi Kahou, 2024,
Sun et al., 2024; Ragkousis & Parbhoo, 2024; Almudévar
et al., 2025), and quantifying it (Espinosa Zarlenga et al.,
2023a; Marconato et al., 2024; Parisini et al., 2025; Makon-
nen et al., 2025; Aysel et al., 2025). Before making our case
for leakage, we summarize the arguments commonly put
forth against leakage by splitting them into three types of
claims: intervenability, interpretability, and safety claims.

Intervenability Claims A first line of argument holds
that leakage undermines the intervenability of CMs (Havasi
et al., 2022; Espinosa Zarlenga et al., 2023a; Vandenhirtz
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Figure 2. Leakage happens when the concept representation C;
encodes information that is not attributable to the ground-truth
concept C;. This additional information can be attributed to (left)
another concept C; or (right) the downstream task Y.

et al., 2024; Ragkousis & Parbhoo, 2024; Sun et al., 2024;
Almudévar et al., 2025). These claims argue that, when
concept representations encode additional information be-
yond their intended semantics, interventions may have un-
predictable effects on downstream predictions as they may
inadvertently modify that latent information (Havasi et al.,
2022; Espinosa Zarlenga et al., 2023a; Parisini et al., 2025).
From this perspective, leakage seems to threaten the expec-
tation that providing correct concept labels to a CM at test
time should reliably improve its task accuracy.

Interpretability Claims A second class of arguments
asserts that leakage renders CMs fundamentally “uninter-
pretable” (Margeloiu et al., 2021; Mahinpei et al., 2021;
Marconato et al., 2022; Ragkousis & Parbhoo, 2024; Sinha
& Zhang, 2025; Almudévar et al., 2025; Makonnen et al.,
2025; Sun et al., 2024; Parisini et al., 2025). These claims
argue that, if a concept representation encodes information
beyond its corresponding ground-truth concept, the label
predictor can no longer be said to reason only in terms of
known concepts. Nevertheless, given the lack of an agreed,
measurable definition of interpretability in the context where
these claims are made, these statements are often ill-posed.
This is because it is impossible to quantify or falsify any in-
terpretability claim without first defining under what view of
interpretability we should study leakage. Hence, when eval-
uating these claims later, we instead measure interpretability
using commonly used proxy metrics for CMs (e.g., concept
fidelity, intervenability, and label-predictor weights).

Safety Claims Finally, a small number of works argue that
leakage poses safety risks (Marconato et al., 2022; 2024,
Parisini et al., 2025). Specifically, leakage may severely
affect intervenability when distribution shifts occur (Es-
pinosa Zarlenga et al., 2025) and it may also facilitate short-
cut learning (Geirhos et al., 2020), where the label predictor
learns to exploit spurious correlations encoded in the rep-
resentation. Among these claims, concerns about shortcut
learning are especially important, as they may lead to mod-
els that fail to generalize and violate desirable notions of
fairness and privacy (Dwork et al., 2012; Pessach & Shmueli,
2022). Nevertheless, while deserving of study in CMs, short-
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Figure 3. Task fidelity of sigmoidal (i.e., soft) CBMs as we vary
the number k of training concepts on the CUB (Wah et al., 2011)
dataset (see App. B for details). CBMs that limit task leakage (e.g.,
independent CBMs) are more affected by incompleteness.

cuts are not unique to CMs or to concept representations.
Rather, they reflect general limitations of DNN-based repre-
sentation learning systems. Hence, conflating leakage with
shortcut learning risks obscuring the true origin of these
shortcuts and disconnecting their study from the substantial
body of work on robustness (Sagawa et al., 2020; Kim et al.,
2019; Sohoni et al., 2020). Because of this, while we be-
lieve these concerns are legitimate, we do not frame them
as a CM-specific limitation, and we will not aim to disprove
their validity in this work. Instead, we focus on CM-specific
limitations arising from leakage.

Before rebutting the commonly held claims against leakage
presented above, we first put forth our case for leakage.

5. The Case for Leakage

It is a common oversimplification to assume that all concept-
supervised datasets are equal. However, the nature of the
training concept annotations is crucial for the end quality
of a CM (Collins et al., 2023; Heidemann et al., 2023; Pe-
naloza et al., 2025). This is because some concepts are
(1) inherently more informative about the downstream task
(e.g., stripes and fur are more helpful in describing
an animal’s species than quadruped), (2) redundant (e.g.,
black entails dark_colour), and (3) necessary for ac-
curately predicting a downstream task (e.g., scales is
required to classify an animal as a reptile).

Of these constraints, the most limiting is perhaps the latter.
When the training concepts ¢ ~ P(C') lack a concept crucial
for predicting a downstream task (as scales is for predict-
ing reptiles), a CM may fail to achieve high task fidelity.
This is particularly true if the CM’s label predictor is con-
strained to make its prediction based only on representations
that are direct proxies of the concepts’ probabilities, as is
the case in popular sigmoidal/soft CBMs (see Figure 3).

Therefore, underlying the setup for most CMs, there is an
implicit assumption that the set of training concepts c is a
complete description (Yeh et al., 2020) of the downstream
task y. Formally, this means CMs require that the mutual
information between the downstream label y ~ P(Y") and



In Defense of Information Leakage in Concept-based Models

the input features x ~ P(X) given the concepts c ~ P(C')
is close to zero (i.e., I(Y; X | C) =~ 0).

In real-world concept-annotated datasets, however, incom-
pleteness is the typical case. This is because it is not only
costly and difficult to obtain large sets of concepts for ev-
ery training sample, but it is also challenging to identify,
a priori, all the important concepts one may need for fu-
ture downstream tasks of interest. Moreover, although use-
ful, label-free concept discovery pipelines are not a suffi-
cient solution for incompleteness: as seen in these works’
own evaluations, label-free models still tend to trail behind
opaque DNNs, implying their concept sets C' lack infor-
mation that is present in X (e.g., Table 1 in Yuksekgonul
et al. 2023, Table 2 in Oikarinen et al. 2023, and Table 1
in Rao et al. 2024). Furthermore, these approaches depend
on the availability of (1) concepts that can be specified in
natural language, and (2) foundation models that can reason
about even highly domain-specific concepts and modalities,
requirements which are not applicable for specialized tasks.

Taking the weak assumption that sacrificing task fidelity is
highly undesirable even if this means higher interpretability,
something observed across user studies (Papenmeier et al.,
2019; Nussberger et al., 2022), we are then confronted by the
following challenge: if we want CMs to become practical
for real-world tasks where incompleteness is the norm, then
these models must have a mechanism for the label predictor
f(€) to access task-relevant information in the input features
x that can never be present in a “pure” representation of
the ground-truth concepts c. In other words, we can only
attain useful CMs in real-world incomplete settings if we
encourage task leakage to capture I(Y; X | C).

Should we therefore enable leakage in our concept represen-
tations and use it to our advantage? Or should we declare
CMs potentially unsuitable for most realistic settings, where
incompleteness is the norm? Here, we argue that we should
enable leakage, as without it, we cannot construct CMs that
can perform the one thing, for better or for worse, expected
of statistical models: to be accurate on their downstream
task. Concretely, however, we argue that we should encour-
age a specific kind of leakage that, when properly enabled,
can be exploited by a CM without compromising its ex-
pected desiderata. We call this form benign leakage.

5.1. Benign Leakage

Informally, representations C exhibit benign leakage if
(1) they preserve enough information in them to cover for
I(Y; X | C) when C is incomplete, and (2) they can be
decomposed into a concept-specific component C;, which
is the component one modifies when an intervention is per-
formed, and residual component R; orthogonal to C;.

Definition 5.1 (Benign leakage). Let C= (C’l, . ,C‘k) be
the concept representations produced by a CM, and assume

that for each ¢ there exists a decomposition CA'I = (C’i, R)),
where C; is the concept-aligned component and R; is a
residual component. Let R := (R, ..., Ry). We say that
C exhibits benign leakage if the following conditions hold:

i. Sufficiency: I(Y;R|C)=I(Y; X | C)
ii. Localization: J(Y; C | Ri,é,i) ~ 1(Y;C | C_y)
where C_; = (Cy, - -+

,Ciz1,Cigrs0++, Cr).

Intuitively, sufficiency ensures that all label-relevant infor-
mation not captured by C is preserved in C. In contrast,
localization ensures that the information about a concept C;
that is informative for predicting Y can be localized within
the C; component of CA‘Z Therefore, when both conditions
are satisfied, a label predictor f(¢) trained on representa-
tions with benign leakage can achieve high task fidelity in
incompleteness, by exploiting information in both R and
C = (Cy,---,Cy), and be intervenable, by ensuring it uses
the well-localized variables C' to access information in C.

We point out that without considering how f operates (or
how it learns), we cannot make claims about the interven-
ability of a CBM based only on properties of C. For ex-
ample, notice that a Hybrid CBM may very well exhibit
benign leakage, as it cleanly separates the activations that
encode concept predictions from those that carry additional
leakage. Yet, there is strong evidence that these models,
trained only on the standard joint CBM loss, are not inter-
venable (Espinosa Zarlenga et al., 2022). Because of this,
benign leakage, or, for that matter, any property of the con-
cept predictions alone, cannot necessarily imply that a CM
is intervenable, as intervenability is a property of the label
predictor too. Nevertheless, what benign leakage allows us
to ascertain is that well-conditioned label predictors can be
accurate and intervenable (i.e., it is a necessary condition
for high task fidelity and intervenability).

Optimizing for Benign Leakage Given our definition
of benign leakage, we notice that, under standard well-
specification assumptions (see App. A for proof), achieving
sufficiency for a CBM (g, f) is equivalent to minimizing the
negative task likelihood under full concept interventions:

Lint =Excpyn| —logPs(y | C = g(x | C:=c))]
= E(x,c,y)~D [[ﬁy (f(g(x | C = c)),y)}

Notice that Li is similar to the “prior loss” used in (Es-
pinosa Zarlenga et al., 2025) to learn robust, leakage-aware
concept representations. The difference lies in the fact that
Lin applies to any CM, not just those that decompose their
representations into exogenous and endogenous variables.

In contrast, ensuring localization is not as easy as ensuring
sufficiency. When one can explicitly decompose a CM’s
concept representation C; into a concept-aligned component



In Defense of Information Leakage in Concept-based Models

C; and a residual “leaky” component R; (e.g., as in Hybrid
CBMs (Mahinpei et al., 2021), Residual PCBMs (Yuksek-
gonul et al., 2023), and MixCEMs (Espinosa Zarlenga et al.,
2025)), localization may be directly optimized if the mutual
information terms are quantities that can be estimated (a
likely intractable problem if Cis high-dimensional and not
well-constrained). If a CM does not explicitly decompose
its concept representations, then optimizing directly for lo-
calization becomes even more difficult with an architecture-
agnostic regularizer such as L. Nevertheless, we can still
introduce implicit incentives that encourage localization. As
we argue in the next section, due to the tendency of DNNs
to learn simpler hypotheses, such an incentive may be a
by-product of minimizing the sufficiency regularizer Liy.

6. Revisiting the Arguments Against Leakage

Having argued that benign leakage is necessary for building
accurate and intervenable CMs that can operate in incom-
pleteness, we now make the case that information leakage
does not necessarily affect the CM’s intervenability or inter-
pretability (under reasonable proxy metrics).

6.1. Revisiting Intervenability Claims

The first evidence against the common claim that informa-
tion leakage leads to unintervenable CMs comes from previ-
ous works themselves: as recreated in Figure 4 (left), several
CMs designed to enable leakage, either by using dynamic
embedding representations, such as Concept Embedding
Models (CEMs) (Espinosa Zarlenga et al., 2022) and Proba-
bilistic CBMs (ProbCBMs) (Kim et al., 2023), or by using
small residual bypasses, such as Hybrid CBMs (Mahin-
pei et al., 2021), are more or similarly intervenable to
CBMs commonly agreed to have very minimal leakage (i.e.,
independently-trained sigmoidal CBMs). Similar results
have been observed for other leakage-enabling CMs such as
residual Autoregressive CBMs (Havasi et al., 2022), Semi-
supervised CBMs (Hu et al., 2025), and further variants
of CEMs (Espinosa Zarlenga et al., 2023b; 2025). There-
fore, the common claim that leakage necessarily precludes
a CM’s intervenability is false.

It is important to notice, however, that it is true leakage
can affect intervenability: as seen in Figure 4 (right), some
CMs that enable leakage become almost entirely uninter-
venable when facing incompleteness (something we do not
necessarily see when they are deployed in an equivalent, but
complete setting as seen in App. C). Therefore, this begs
the question: when is a leakage-enabling CM intervenable?
As discussed next, this is possible when a CM (sometimes
implicitly) optimizes for sufficiency (i.e., Liy).

Simplicity Bias and Benign Leakage CMs that enable
leakage can remain highly accurate and intervenable in in-
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Figure 4. Task accuracy (y-axis) of leaky CMs trained on an in-
complete version of CUB (see App. B for details) as we intervene
on more concepts at test-time (x-axis). (left) Leaky CMs can re-
main intervenable in incompleteness. (right) Some leaky variants,
however, lose their intervenability (curves are non-increasing).

complete settings if (1) interventions do not destroy the
leakage (e.g., by not overwriting the activations that may
be carrying the leaked information), and (2) they implicitly
encourage forms of benign leakage. This is true, for exam-
ple, for embedding-based approaches such as CEMs (Es-
pinosa Zarlenga et al., 2022), ProbCBMs (Kim et al., 2023),
and MixCEMs (Espinosa Zarlenga et al., 2025), where
interventions are operations that swap one dynamic high-
dimensional representation for another without destroying
leakage. All of these models are randomly intervened on
during training, a training-time mechanism called RandInt
which can be seen as implicitly minimizing the sufficiency
regularizer L, Similar training pipelines with loss terms
that more closely resemble L;, can be found in intervention-
aware versions of CEMs (Espinosa Zarlenga et al., 2023b).

However, as discussed in Sec. 5.1, sufficiency alone does
not guarantee benign leakage. For a label predictor to be
intervenable when leakage is present, the variables encoding
concept-specific information must be well-localized within
C'. Hence, if these leakage-enabling CMs only (implicitly)
minimize L;,, what leads them to also appear to attain lo-
calization? Moreover, even if concepts are localized, what
encourages label predictors to properly attend to changes
in these variables and become intervenable? Here we hy-
pothesize that both of these effects can be seen as a con-
sequence of the simplicity bias of DNNs: when given an
option to learn several competing hypotheses, stochastic gra-
dient descent favors simpler hypotheses over more complex
ones (Pérez et al., 2019; Shah et al., 2020). Specifically,
we argue that localization and intervenability naturally arise
when jointly minimizing £;,, because concept encoders and
label predictors that achieve these properties are simpler
than equally-performing models that do not.

To see this, consider, without loss of generality, what hap-
pens when we train a CM to minimize the traditional joint
CBM loss together with the regularizer £, (f(g(x | C; :=
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¢;)),y) (for some fixed concept index 7). Here, whenever
we perform an intervention g(x | C; := ¢;), we are chang-
ing in some way the output representation ¢&; of concept C;
(e.g., by fixing ¢; = ¢; for sigmoidal CBMs). Therefore,
when tasked to minimize the task loss given the ground-truth
concept label c;, a label predictor that extrapolates how ¢
is affected by the intervention g(x | C; := ¢;) (i.e., how ¢
encodes the true value of c;) will only require its concept
predictor to learn to encode the information I(Y; X | C;) in
the rest of its representations to be able to accurately predict
Y. Learning this label predictor and concept encoder is
arguably simpler than learning a concept encoder that needs
to both (a) accurately predict C; and re-encode its infor-
mation somewhere new in ¢, and (b) still learn to encode
the information I(Y; X | C;) in ¢. Therefore, when Ly
is heavily penalized, both the label predictor and concept
encoder will gravitate towards learning the simpler hypothe-
sis whose label predictor (1) effectively extrapolates which
variables in ¢ are affected by the intervention on concept C;
(i.e., leading to localization), and (2) uses this information
to quickly minimize Liy (i.e., leading to intervenability).

The Effects of Proper Conditioning We note that in-
direct evidence for the hypothesis above already exists in
the literature: Espinosa Zarlenga et al. (2025) show in their
appendix that, when training a leaky CM using a stricter
variant of £;, and a task loss term, the CM learns to im-
plicitly align each ground-truth concept C; with the set of
variables that are affected when concept C; is intervened
on. This can be done even when no explicit concept loss
was used to train the CM. We show how strong this result
is: in Figure 5 we visualize the result of intervening on an
otherwise opaque DNN that was trained with the regularizer
Lin. To achieve this, during training, we selected a set of k
neurons in the penultimate layer of the DNN and intervened
on them as if they were normal CBM soft concept repre-
sentations (which they are not, as we do not introduce any
concept alignment losses when training this model, and the
neurons do not form a bottleneck). We see that this DNN,
trained without any concept alignment loss, is intervenable
and shows signs of localization as measured by the ROC-
AUC between the neuron h; used to intervene on concept C;;
and the ground-truth c; (we get a mean concept ROC-AUC
of 80.79 4 0.11%). Hence, even though directly optimizing
for localization is intractable, by heavily penalizing Li, we
can implicitly encourage benign leakage.

Moreover, we observe that the localization resulting from
explicitly minimizing L, can be exploited to make leakage-
enabling CBMs intervenable. As shown in Figure 6, by
adding a strong weight to L;, when training Joint Logit
CBMs, large Hybrid CBMs, and CEMs without Randlnt,
we can make all of these models intervenable, something
we saw, in Figure 4 (right), did not naturally occur (App. D
shows similar results for other CMs). Perhaps the most

Black Box
) Black Box w/ Lint (Aine = 10)
60
Lz
0 50 100
Intervened Concepts (%)

Task Accuracy (%)

Figure 5. An opaque DNN trained without any concept alignment
losses becomes intervenable when using regularizer Lin.

surprising result is that even large Hybrid CBMs become
highly intervenable when minimizing L;,; all without sac-
rificing task or concept fidelities (something that does not
happen when RandInt is introduced in their training, as seen
in Espinosa Zarlenga et al. 2022). Therefore, these results
strongly suggest that, when CMs are properly conditioned
by penalizing Ly, information leakage does not necessar-
ily lead to a loss of intervenability. In fact, it may lead to
intervenable CMs with higher task fidelities.

Joint Logit CBM

Hybrid CBM (dims = 500)
100 100

CEM (No RandlInt)

)

75 e ——0——0 ;) ———e—0—8—0=0

50 50

Accuracy (%)

Task

50 w0 % 30 w % 30 100
Intervened Concepts (%) Intervened Concepts (%) Intervened Concepts (%)
—e— Original —e— Original —e— Original

W/ Lint (Aint = 10) W/ Lint (Aint = 5) W/ Lint (Aint = 5)

0

Independent CBM (Baseline)

Figure 6. Effect of regularizing previously unintervenable leaky
CMs with Liy. We show an independent CBM as a baseline.

6.2. Revisiting Interpretability Claims

We now examine the interpretability claims against leak-
age. For this, we use as example the Hybrid CBM My =
(9m, fr) trained with Ai,, = 5 in Figure 6. Given the num-
ber of unsupervised activations ¢)(x) € R¥ in My’s bot-
tleneck ¢ (in this case k' = 500, much larger than the set
of concept-aligned activations £ = 22), this model has a
strong incentive and mechanism to leak information in €.
As such, we use M to study the validity of interpretability
claims against leakage. We summarize our findings below.

It is unclear how leakage prevents interpretability In-
terpretability claims against leakage typically argue that if
a concept representation, or the concept bottleneck ¢ more
generally, encodes information beyond their corresponding
concepts, then the CM is less “interpretable”. However,
our experiments above suggest that, under reasonable met-
rics, this conclusion is not immediately obvious: the Hy-
brid CBM My above has a very similar concept fidelity
to the non-leaky Independent CBM M| baseline (Mg has
a mean concept ROC-AUC of 93.65 & 0.22% while M;’s
is 93.90 + 0.11%). Moreover, as seen in Figure 6, the
Hybrid CBM has (1) a significantly higher task fidelity
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than M; (i.e., 73.31 £ 0.26% vs 47.61 + 1.01%), and (2) a
significantly higher area under the intervention curve than
M7 (i.e., implying the Hybrid CBM is more intervenable).
These intervention curves also reveal that M is likely al-
lowing leakage in its bottleneck: its task accuracy when it re-
ceives several interventions is higher than the task accuracy
achieved by the independent CBM when it is intervened on
with all the ground-truth concepts (i.e., the rightmost point
of the Independent CBM’s intervention curve).

The results above suggest that, from the perspective of the
evaluation metrics used to study CMs, a leaky model like
My is likely to be considered “better” than a non-leaky
model like M;. This, however, is not aligned with common
views of leakage. It is then natural to wonder under what per-
spective one can argue that a leaky CM is less interpretable
than a non-leaky counterpart. For example, the traditional
CM evaluation metrics used above may not detect whether
a label predictor operating on leaky representations reasons
about a task y using concepts the same way an expert would,
a common argument against leakage. Therefore, could we
somehow evaluate this property in a different manner?

As the label predictors for My and M; are linear models,
we can get a better view of this question by looking at how
a leaky CM’s task predictor weighs concepts C' to predict Y’
and compare it to how a model we consider “interpretable”,
such as M7, performs the same task. Let the label predictor
of My, for A € {H,1},be fa4(¢) = Softmax(W4¢€+ba),
where W, € RExdimDom(£4)) - Moreover, let T, (M) be
the set of top-5 weights in the y-th row of W 4. By looking at
the label predictors of My and M7, we see that, on average,
the size of O = |T,,(My) N T, (My)| is 4.31 £ 0.86. In
other words, the set of top-5 most important concepts used
by M;’s label predictor to predict a given class y is, on
average, almost the same as the set of top-5 most important
bottleneck activations used by My when predicting the
same class. To place this within a reasonable frame of
reference: the overlap of T, (M) for two differently-seeded
Independent CBMs is 4.45 £ 0.75, not statistically different
from O. In contrast, the same value when using an ill-
conditioned Hybrid CBM with A\, = 0 is 2.01 4+ 0.21,
which is significantly lower than O. Given that the set of
potential activations M has in its bottleneck is much larger
than the set of ground-truth concepts ((k + k') = 522 >
22 = k), these results are not only surprising but also a
strong indication that M ’s use of concepts is similar to
that of M7, a non-leaky model. Therefore, if models such
as M7 are held to be interpretable, why should we not do
the same for well-conditioned leaky models like Mg ?

Altogether, the simple experiments above suggest that it is
unclear under which definition of interpretability leakage
leads to less interpretable models. As most interpretability
concerns about leakage fall in this ill-specified setup, they

are therefore unfalsifiable.

Partial explanations are useful explanations Finally,
even if leakage may lead to models that use information not
in C' to predict Y, they are still useful: they can still at least
partially explain their predictions based on a potentially
incomplete set of concepts C', concepts which experts them-
selves also use to explain, sometimes also partially, their
reasoning. Moreover, as seen in Section 6.1, leakage does
not preclude intervenability, enabling experts to provide test-
time concept-based feedback to leaky but well-conditioned
CMs (e.g., CMs that minimize L;,). In the common setting
where C is incomplete, the alternative intervenable model
would be to use a perfectly non-leaky CM that, at best, has
the same power to partially explain its outputs at the cost of a
severe drop in its task fidelity. Given a choice between these
two options, we struggle to see an argument for selecting
the non-leaky CM over the more accurate leaky CM.

7. Conclusion and Call to Action

This paper argued that the prevailing view of information
leakage in CMs as a purely negative phenomenon is, in
many cases, ill-posed and counterproductive. Specifically,
we made our case by showing, through a set of simple exper-
iments and evidence from prior work, that the conventional
claims that leakage leads to CMs that are not intervenable
or interpretable are, at best, inconclusive. In contrast, we
argued that there are good reasons to want some leakage:
in realistic concept-incomplete settings, eradicating leakage
will only preclude CMs from remaining accurate, thereby
making these models impractical. Hence, we showed that
minimizing the CM’s task loss when all concepts are in-
tervened can lead to leakage that is properly localized and
sufficient to overcome incompleteness. Such a simple reg-
ularizer, applicable to all CMs, enables even models pre-
viously thought to be unintervenable to remain accurate,
intervenable, and interpretable (as measured by their con-
cept accuracies and concept-to-task weights).

Taken together, we hope that the arguments and evidence put
forth in this work naturally form a call for the CM commu-
nity to (1) see past the goal of entirely eliminating leakage
and instead explore ways to better control it, (2) evaluate
new CMs on incomplete settings, reporting intervenabil-
ity under such conditions and providing evidence for how
the CM performs as the degree of incompleteness varies,
(3) avoid broad claims that leakage or any other property
of interpretable models necessarily destroys interpretabil-
ity without specifying falsifiable criteria, and (4) separate
CM-specific questions and phenomena (e.g., information
leakage) from well-studied, yet more general failure modes
of statistical learning (e.g., shortcut learning).
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A. Proof of Sufficiency Optimization

Below we formalize the claim made in Section 5.1 that, under a reasonable set of assumptions, minimizing the task loss
when all concepts are intervened is equivalent to achieving sufficiency in the learned concept representations C. For this,
we first notice that, due to the data processing inequality, it must be the case that, for localized concept representations
C = (C,R), wemust have I(Y;R | C) < I(Y; X | C), since R is a component of C, which is in turn a function of
X. Therefore, to achieve sufficiency, which we defined as I(Y; R | C) = I(Y; X | C), what we want is to maximize
I(Y; R | C) so that it approaches its upper bound I(Y'; X | C'). Hence, under this perspective, the following theorem says
that this maximization is possible by minimizing the task loss when we intervene on all concepts of the bottleneck:
Theorem A.1 (Sufficiency Optimization). Let M = (g(-;0,), f(-;0;)) be a CBM and (X,C,Y) ~ P be the data-
generating distribution. Let Z = g(X | C := C';0,,) denote the random variable corresponding to the fully intervened
bottleneck. Assume concept interventions are localized so that Z = (C, R) for some residual random variable R. If L, is
the cross-entropy loss and f is well-specified for P(Y | Z), then:

argmin By ¢ y)~p lﬁy <f (g(x | C:= c)),y) =argmaxI(Y;R|C) @)
04,04 b9 T
ufficrency

All-concepts-intervened task loss

Proof. Fix 6, and let gg,(y | 2) denote the conditional distribution induced by f(;0;). By the standard cross-entropy
decomposition, we must have that the LHS of Equation 1 becomes:

E[ ~logao, (Y | 2)] = H(Y | 2) + E[ D (B(Y | 2) |l a0, (v | 2))]

Under well-specification, there exists a set of parameters 67 such that gg; (Y | Z) = P(Y | Z), making the KL divergence
term in the expression above zero. Hence, for any fixed 6, we must have that ming, E[L,(f(Z;0;),Y)| = H(Y | Z).

This implies that the LHS of Equation 1 can be equivalently written as follows:
argn;inE[Ey (f(Z;07),Y)] = argemin HY | Z)
. = arg;nin H(Y |C,R) (By our localization assumption)
= arg min (H(Y |C)—I(Y;R| C))
= arg‘g;in —I(Y;R|O) (As H(Y'|C) does not depend on )
= arg‘;nax I(Y;R|O)

g9

This directly yields the equivalency we wished to show in Equation 1. O

B. Experimental Details

In Sections 5 and 6, we made use of some simple experiments to build our case. In this appendix, we discuss details for
recreating these results.

B.1. Datasets and Tasks

General Setup In all of our illustrative experiments, we use the CUB-200 dataset (Wah et al., 2011), preprocessed
by Koh et al. (2020). Each sample (x\9),c(?),4()) in this original dataset corresponds to a normalized RGB image
x() € [0,1]3%299%299 of 4 bird that is annotated with one of L = 200 bird species /). Each sample comes with a
set of 112 binary concept annotations ¢/} € {0, 1}'!2 representing visual attributes of the bird (e.g., black wing,
medium_sized, etc.). By construction, the concept set in this dataset provides a complete and perfect description of the
downstream label y (as each task label in the CUB formulation by Koh et al. (2020) is assigned its own “concept profile”).
These concepts are grouped into 28 mutually exclusive concept groups (e.g., wing_color, size). Therefore, when
intervening on models trained on this dataset, we apply the intervention to all concepts within the same group simultaneously.
Finally, we use the train-validation-test splits from (Koh et al., 2020) and randomly flip and crop images during training.
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Used Tasks To recreate the conditions of an incomplete training set, following Espinosa Zarlenga et al. (2023b), we
subsample the training concept annotations of the CUB dataset described above to construct an incomplete task we call
CUB-Incomplete. Specifically, as in (Espinosa Zarlenga et al., 2023b), we subsample, at random, 25% of the 28 original
concept annotation groups, yielding an incomplete version of CUB whose concept vectors ¢ are formed by 7 concept groups
that have, together, a total of & = 22 concepts.

Unless otherwise stated or clear from the context (e.g., the results of Figure 3), all experiments are conducted on CUB-
Incomplete. The only exception is the experiments in App. C, which use the concept-complete version of CUB to explore
how incompleteness affects the intervenability of leakage-enabling models.

B.2. Baselines

In our illustrative experiments, we train and evaluate the following baselines:

1. Concept Bottleneck Models (Koh et al., 2020): We train CBMs with sigmoidal (i.e., ¢; € [0, 1] and s(¢) = ¢) and
logit (i.e., ¢; € R and s(¢) = o(¢)) bottlenecks. These models are trained independently, sequentially, and jointly
(minimizing the combination of £, (-) + A.L.(+)). In our experiments, we use the independently trained sigmoidal
CBM (Independent CBM) as a minimal-leakage baseline, since its label predictor is trained on ground-truth concepts.

2. Hybrid CBMs (Mabhinpei et al., 2021): We include Hybrid CBMs as an example of a leaky CM that introduces a
bypass channel in its bottleneck. In practice, we train these models by extending a sigmoidal CBM with &’ additional
unconstrained activations v (x) which are added to the bottleneck. This model is trained by minimizing a joint loss that
weights the concept loss term using a hyperparameter ..

3. Black Box (Baseline): We implemented a Black Box DNN baseline using a Hybrid CBM with &’ = 500 additional
neurons in its bottleneck whose concept loss weight during training is set to 0 (i.e, A, = 0). This ensures the Black
Box model is given the same capacity as competing models it is compared against (e.g., equivalent Hybrid CBMs).

4. Concept Embedding Models (CEMs) (Espinosa Zarlenga et al., 2022): We include, as an example of a highly leaky
baseline, a CEM that represents concepts as a mixture of two dynamic embeddings with dimensionality m = 16.
Unless explicitly stated otherwise, all CEMs are trained using RandlInt, as in their original work. That is, during
training, we intervene on a concept with probability py,, = 0.25.

5. Probabilistic CBMs (ProbCBMs) (Kim et al., 2023): As a second embedding-based baseline, we use ProbCBMs,
which represent concepts with probabilistic embeddings of size m = 16. As suggested by the authors, we train
ProbCBMs with RandlInt, intervening on a concept during training with probability pi, = 0.5.

6. Post-hoc CBMs (PCBMs) (Yuksekgonul et al., 2023): Finally, we include as baselines PCBMs trained from the
Black Box model baseline. We train both a standard Post-hoc CBM, whose leakage is relatively small, and a Residual
Post-hoc CBM, which introduces an explicit residual channel that enables higher task accuracy in incompleteness at
the cost of higher leakage.

Model Selection and Implementation All models are implemented in PyTorch (Paszke et al., 2019) and trained using the
same backbone architectures, optimizers, and training schedules used in Espinosa Zarlenga et al. (2025). Specifically, we
made use of the publicly available code' from (Espinosa Zarlenga et al., 2025) to access implementations for all the baselines
used in our illustrative examples. To better communicate our position, we avoid fine-tuning baselines and expensive training
procedures by reusing the exact hyperparameters and model selection reported in (Espinosa Zarlenga et al., 2025) for each
baseline. This means that all baselines were built by using an ImageNet-pretrained ResNet-18 as a backbone for the concept
encoder g(-) and a linear layer for the label predictor f(-). For further details on the hyperparameters used for each baseline
in our CUB experiments, we refer the reader to Appendix D of (Espinosa Zarlenga et al., 2025).

Sufficiency Regularizer When introducing the sufficiency regularizer Ly, we add it to the training objective with weight
Aint € {0,1, 5,10} while keeping all other hyperparameters and training configurations of the underlying model constant.
The value of )iy is then selected based on the area under the intervention curve on the validation set. This procedure yields
Aine = 10 for most models with the exception of Hybrid CBMs and CEMs, where the procedure selected Ay = 5.

"Found at https://github.com/mateoespinosa/cem.
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When we train the Black Box baseline model with the regularizer L;,, we select k neurons in the output of the penultimate
layer and intervene on those neurons as we would for a traditional sigmoidal CBM (i.e., setting the output of the neuron to
¢; := c;). Furthermore, when using this regularizer for models whose concept representations are unbounded scalars (e.g.,
logit CBMs (Koh et al., 2020)), we intervene on concepts by setting their respective representations to a high logit value
when c; = 1 (e.g., we use +5) and to a low logit value when c; = 0 (e.g., we use —5).

C. Completeness Experiments

To disentangle the effects of information leakage from those of concept incompleteness, we replicate the intervention
experiments of Figure 4 on a complete version of CUB (using the same setup as Koh et al. (2020)).

Our results, summarized in Figure 7, suggest that, when the concept set is complete, all leakage-enabling models remain
intervenable, including those that were seen to lose intervenability when the concept set was incomplete (Figure 4).
Nevertheless, we observe that even in this instance, the degree of intervenability of the leaky CMs in the right panel of
Figure 7 is not the same: for example, although CEMs without RandInt do increase their task accuracies as they are
intervened on, the effect is minimal compared to that of other models. This implies that it is likely that incompleteness can
lead to several leaky models to become unintervenable, but its effects on leaky CMs can vary.

Intervenable Leaky CMs Previously Unintervenable Leaky CMs
- e R 100
= 80 o
<t 60 60
&
40 40
z z
7 7
0 20 40 60 80 100 0 20 40 60 80 100
Intervened Concepts (%) Intervened Conceepts (%)
——Joint Sigmoidal CBM —— Joint Logit CBM
ProbCBM Residual PCBM
—— Hybrid CBM (¥’ = 10) —e— Hybrid CBM (k' = 500)
—— CEM CEM (No RandInt)
Black Box (Baseline) Independent CBM (Baseline)

Figure 7. Intervention curves for leakage-enabling CMs on a complete version of CUB. (left) Leakage-enabling CMs that were intervenable
in the incomplete version of CUB remain highly intervenable here. (right) Leakage-enabling CMs that were previously unintervenable in
the incomplete version of CUB (Figure 4) can become intervenable when the concept set is complete, although to a lesser degree than the
non-leaky baseline (Independent CBMs) variants.

D. Additional Experiments With Sufficiency Regularizer

We further evaluate the effect of the sufficiency regularizer £;, on models that were previously unintervenable. Specifically,
we apply Ly, to Joint Sigmoidal CBMs, Joint Logit CBMs, PCBMs, Residual PCBMs, large Hybrid CBMs (k' = 500), and
CEMs trained without RandlInt.

Figure 8 shows that introducing Liy consistently improves intervenability across all models, often without degrading
task or concept fidelity. These results support the claim that proper conditioning via sufficiency optimization can recover
intervenability even in highly leaky architectures.
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Figure 8. Effect of applying the sufficiency regularizer Ly to previously unintervenable leakage-enabling models.
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