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Abstract

Concept Bottleneck Models (CBMs) provide a basis for se-
mantic abstractions within a neural network architecture.
Such models have primarily been seen through the lens of
interpretability so far, wherein they offer transparency by
inferring predictions as a linear combination of semantic
concepts. However, a linear combination is inherently lim-
iting. So we propose the enhancement of concept-based
learning models through propositional logic. We introduce
a logic module that is carefully designed to connect the
learned concepts from CBMs through differentiable logic
operations, such that our proposed LogicCBM can go be-
yond simple weighted combinations of concepts to lever-
age various logical operations to yield the final predictions,
while maintaining end-to-end learnability. Composing con-
cepts using a set of logic operators enables the model to
capture inter-concept relations, while simultaneously im-
proving the expressivity of the model in terms of logic op-
erations. Our empirical studies on well-known benchmarks
and synthetic datasets demonstrate that these models have
better accuracy, perform effective interventions and are
highly interpretable 1.

1. Introduction

In recent times, building inherently interpretable models has
gained prominence due to the drawbacks of post hoc ex-
plainability methods [19, 32, 36]. Concept-based models
are a particularly promising direction [6, 14, 25, 30, 48],
where classes are considered to be composed of concepts
that are interpretable units of human-understandable ab-
straction. For example, the model could learn to look for
concepts like {huge, gray, mammal} to classify an input as
an elephant. In these models, the concept-to-class mapping
is often deliberately kept simple (usually just a linear layer)
for interpretability, so that the importance of each concept
can be directly inferred by examining the weights. How-
ever, such an approach may be restrictive and prevent the

1https://github.com/deepikavemuri/LogicCBMs
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Figure 1. LogicCBMs: Overview of Our Approach. We en-
hance concept-based learning models by including differentiable
logic gates in the network. The model now forms logical com-
positions of concepts while predicting the class label for a given
input image. (Dark shades indicate higher strength in the figure;
e.g. Furry is the strongest concept and Cat is the predicted class.)

Grasshopper SparrowRinged Kingfisher(a) (b)

Figure 2. Logical predicates capture intra-class variability. Ex-
amples of predicates (bottom) captured by our method for classes
(top) in the CUB dataset (test set). (a) A Ringed Kingfisher has
black upper parts if it has a spotted wing pattern. This is captured
by an IMPLIES operation. (b) A Grasshopper Sparrow has its pri-
mary color as grey or belly color as olive (not both, not neither),
captured by an XOR operation in our method.

model from learning and leveraging higher-order relations
between concepts.

To illustrate this further, consider a model learning to
recognize an arctic fox class. Arctic foxes have either white
fur or brown fur depending on the environmental condi-
tions (equivalent to an exclusive OR operation). Evidently,
a concept-based model will need to go beyond a linear layer

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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to capture such nuances. We hence ask the question: while
concept-based models are becoming increasingly popular,
how do we go beyond the linear layer in the concept-class
connections to capture richer relationships, while retaining
interpretability?

Logic operations present a natural choice to model
concept-class relations in a structured manner (e.g. white
fur ⊕ brown fur could indicate an arctic fox). However,
logic operations are non-differentiable by themselves, and
are non-trivial to integrate inside neural network models in
an end-to-end learnable manner. While there have been a
few recent efforts on integrating logic into deep neural net-
works, they focus either on post-hoc analysis [3, 23, 29]
or are focused on textual/tabular data [17]. We seek to ad-
dress this need for integrating logic operations into concept-
based models (CBMs) in an end-to-end learnable manner
in this work. To this end, we propose LogicCBMs, a
variant of CBMs where we introduce differentiable fuzzy
logic gates that learn logic-based relationships between con-
cepts and classes (as shown in Fig. 1). LogicCBMs are
end-to-end learnable, thus not compromising on classifi-
cation performance, while allowing for rich interpretabil-
ity of the concept-class relationships in terms of logic gates
(see Fig. 2). Our studies show that logic gates are inter-
pretable non-linearities, and adding them in the network
can be viewed as enabling the model with more capacity
while retaining interpretability. Our method can be viewed
as an initial effort that provides a pathway for integrating
symbolic reasoning within concept-based learning architec-
tures. Our key contributions can be summarized as follows:
• We introduce LogicCBMs, a technique to introduce logic

operations into concept-based learning models in an end-
to-end differentiable manner. The proposed approach
builds logical compositions of concepts (predicates) and
relates them to classes.

• We provide a simple and efficient methodology to im-
plement LogicCBMs that provides promising quantita-
tive and qualitative improvements over existing concept-
based models.

• We perform comprehensive experiments on well-known
benchmark datasets for concept-based learning (CUB,
CIFAR100 and AWA2) that demonstrate the promise
of learning logic operations and show improved perfor-
mance, not only in terms of quantative metrics but also
qualitative interpretability analysis. Additionally, we also
introduce a new worst-case analysis metric, Concept Cor-
rection Gain, to corroborate the usefulness of adding logic
to concept-based architectures. As part of our empiri-
cal studies, we also introduce a simple synthetic dataset:
CLEVR-Logic to study logical relationships between con-
cepts for validation of such methods in future.

• Our code and datasets will be made publicly available
upon acceptance.

2. Related Work
Concept-based Models. Learning classes via concepts has
been an actively growing area of research in recent years.
Originally introduced in [14], later methods improved the
method by addressing concept leakage [22], introducing a
bypass concept layer [30], including uncertainty quantifica-
tion [12], incorporating robustness [37], improving interac-
tivity [2], and extracting concepts that are more amenable
to composition [39]. More recent efforts attempted the use
of LLMs for concept guidance and expert annotations in
[25, 47]. Other efforts have included increasing model ca-
pacity by adding additional unsupervised concepts [20, 31],
building concept bases for such models [48] and making
black-box models intervenable [16]. Inter-concept relations
in these models have been studied from a concept repre-
sentation space perspective [28], from leveraging concept
correlations [41], and from an energy-based modeling per-
spective [45]. However, none of these efforts model the in-
teractions between concepts that drive the predictive per-
formance of a network, we present the integration of logic
operations as a solution.

Logic-based Explainability. Concurrently, away from
concept-based literature (focus of our work), there have
been efforts to extract the underlying logic of a given model.
Logic-explained networks [3] operate on interpretable fea-
tures, however, their logic explanations are obtained by
building a truth table of binarized concepts from a fully
trained model. SELOR [17] integrates logic into the model
design via a probabilistic framework for logic rule genera-
tion; their work focuses however on tabular or textual data
alone. [23, 29] proposed post-hoc techniques for generating
logical compositions of explanations. In contrast to these
efforts, our proposed framework works learns the underly-
ing logic structure among intermediate concepts emergent
during training via differentiable logic on visual inputs.

Differentiable Logic and Neurosymbolic Methods. Ef-
forts in integrating logic into neural network models is a
nascent area, with most previous efforts focusing on neu-
rosymbolic approaches for tasks like inductive logic pro-
gramming [34], reinforcement learning [50] and abstract
reasoning [35]. Some of these efforts pre-specify a set of
rules, learning their probabilities differentiably [18, 21],
while a few others extract logic rules from examples by
defining some kind of continuous relaxation over a discrete
space such as the space of first-order logic (FOL) programs
[49]. Fewer efforts attempt to use differentiable logic for
better representation learning, viz. for better entity repre-
sentation in knowledge graphs [5] and for learning FOL
rules for knowledge-based reasoning [46]. On the other
hand, our work focuses on integrating differentiable learn-
able logic into concept-based models, which allows a path-
way to perform logic-based classification through concepts
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that capture intermediate latent semantics in a given model.
Appendix Tab. A9 provides a more comprehensive compar-
ison.

3. LogicCBMs: Methodology
Preliminaries and Notation. We follow the setup intro-
duced by [14] and define a concept-based model as a model
that learns a mapping fromX 7→ Y via an intermediate con-
cept encoder g(·). These models learn from a three-tuple
dataset {X,C, Y } where X ∈ Rm, C ∈ Rk, Y ∈ Rn

and m, k, n correspond to the dimensionalities of the im-
age, concept and label spaces respectively. Each prediction
is of the form ŷ = f(g(x)) where g : X 7→ C (e.g. bird
image → {white body, flat yellow bill, . . . , orange legs})
is the concept encoder, and f : C 7→ Y (e.g.
{white body, flat yellow bill, . . . , orange legs} → Duck)
is an interpretable predictor network..

Conceptual Framework. We define a predicate to be a
logical composition of concepts of the form zi = (c1 op1 c2
op2 c3 ...), where ci ∈ C is a concept and opj is a logic gate
operation; for example, (big⊕small), (orange∧vegetable∧
healthy). We are interested in learning the set of predicates
logically entailed by each class:

yi ← w1.z1 + w2.z2 + w3.z3 + ... (1)

For example, as shown in Fig. 1, the Cat class could assign
a higher weight to predicates such as (Furry ∧ Whiskers),
(Mammal =⇒ Tetrapod) and ¬(Soft Nails).

Fig. 3 shows the overall architecture of our approach. As
shown in the figure, we do not make any changes in g(·),
the backbone concept extractor, thus following a standard
vanilla CBM in how it obtains concepts from input image
samples. We introduce a logic module (which can consist
of multiple logic gate layers) following the concept encoder
to extract logical predicates, which are then sent to a clas-
sifier. We now write each prediction as: ŷ = f(h(g(x))),
where h : {0, 1}k 7→ Rp ({white body, flat yellow bill, or-
ange legs} → {white body ∧ orange legs, ¬ mammal}) and
f : Rp 7→ Y ({white body ∧ orange legs}→ ‘Duck’), where
p is the number of logic predicates.

Learning from Differentiable Predicates. For conve-
nience of presentation, without loss of generality, we dis-
cuss the rest of our methodology for a logic module com-
prising one logic gate layer. Consider the logic gate layer to
be composed of p logic gate neurons, where each neuron is
one of q possible logic gates. There are two steps involved
to learn predicates: (i) Concept pairing, and (ii) Differen-
tiable logic learning. We describe each of these below.
(i) Concept Pairing: We introduce two weight matrices: a
concept pair matrix CPp×k and a logic gate matrix Gp×q .
In this work, for convenience, we consider each logic gate
neuron to take in one pair of concepts and thus form binary

predicates. Stacking successive logic gate layers enables
us to compose binary predicates to form more intricate n-
ary predicates (which we show some initial results on later
in this work, and is also an interesting future direction). As
shown in Fig. 3, in order to determine these pairs, we extract
the two concepts with the highest weight per row, which
gives us a set of p concept pairs.

(ii) Differentiable Logic Learning: Logic gates are by
themselves non-differentiable operations, and hence pose a
constraint in incorporating them into end-to-end learnable
architectures. In order to overcome this constraint, we take
inspiration from fuzzy logic. In particular, we use t-norms,
as in [13, 27], which are fuzzy versions of logic gates to
allow differentiability and backpropagation while passing
the pairwise activations of the concept encoder through the
logic layer. For example, if z1 = ca ⊕ cb (XOR operation)
and ca, cb are concept activations, we can approximate this
with the t-norm ca + cb − 2 · cacb. We use q = 16 logic
gate operations (as in [27]) in our work herein (these gates
are listed in Tab. A16 in the Appendix). (While this list of
gate operations is inherited from [27], our technical contri-
butions lie in carefully designing and connecting the con-
cept layer with the logic operations in a seamless learnable
manner.)

For each of the p logic neurons, we compute all q fuzzy
logic operations on the concept pair assigned to it and learn
a probability distribution to represent how important a logic
gate is for that concept pair. The probability distribution for
each logic neuron is captured by the G matrix. The activa-
tion of a logic neuron then is the maximum of the weighted
logic operation outputs, given by:

ẑi = max
i=1,...,q

(gi · zi(ca, cb)),
q∑

i=1

gi = 1, gi ≥ 0 (2)

where, ca and cb are the concept activations input to the
ith logic neuron, gi is weight distribution and ẑi is the ac-
tivation of the ith logic neuron (from the G matrix). Once
the predicate activations are obtained, the model learns a
predicate-class mapping using a linear layer.

Fi =

p∑
j=1

Vij · ẑj where, 1 ≤ i ≤ n,

ŷ = σ(F ) where, Fi is a logical formula. (3)

where ẑj is the jth logic neuron’s activation. V denotes the
linear layer’s parameters, and σ is the softmax activation
function. Each Fi is a weighted sum of the learned predi-
cates, which we refer to as a logic formula.

Overall Training Procedure. Our proposed architecture
with the logic module does not entail any other loss terms,
beyond the standard ones. This is in line with our objec-
tive to integrate logic learning seamlessly inside a concept-
based learning model. Similar to existing efforts, the over-
all model is trained for concept classification using a binary
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Figure 3. LogicCBM Architecture. The proposed logic module/layer is added to a CBM after the concept layer g(·). To implement the
logic module, we use two matrices: CP (Concept Pairs) and G (Logic Gates) after the concept layer to learn predicates using differentiable
fuzzy logic operations. Our framework is end-to-end differentiable with a subsequent linear layer f(·) that learns the final predicate-class
mapping to output the class label prediction.

cross-entropy loss (LBCE) (at the concept layer), and a final
standard prediction cross-entropy loss (LCE) (at the output
classification layer). Our overall loss thus remains similar
to a CBM, given by:

L = LCE + α · LBCE (4)

where α is a weighting hyperparameter.

4. Experimental Results and Analysis
Datasets: We perform our experiments on a total of seven
datasets, comprising standard natural benchmark datasets
for CBMs (CUB200, AwA2, CIFAR100), a large scale scene
recognition dataset (SUN) as well as synthetic datasets
explicitly used to study the learned logic (XOR, 2XOR,
CLEVR-Logic). Our natural datasets capture different levels
of concept supervision: Caltech-UCSD Birds (CUB, [42]),
Animals with Attributes (AwA2, [43]) and CIFAR100 [15].
CUB and AwA2 have concepts for the classes annotated at
an instance-level and class-level respectively, while for CI-
FAR100, we acquire class-level annotations from an LLM
following the procedure outlined by [25]. The SUN at-
tribute dataset [26] is also instance-level annotated. More
dataset details are in Sec. A1 in the Appendix.
Baselines: We compare our approach with well-known

concept-based learning models, in particular: (1) Vanilla
[14], MLP and Boolean CBMs [7] (2) Label-Free CBMs
[25], (3) Posthoc CBMs [48], (4) Sparse CBMs [33] and
(5) VLG CBMs [38]. Vanilla and Boolean CBMs use soft
and hard concepts [7] in the training process of a CBM.
An MLPCBM is a variant of a Vanilla CBM that replaces
the linear concept-to-class mapping with a multilayer per-
ceptron (MLP); one would expect this approach to capture
richer concept-class relationships than a simple linear layer.
Label-Free CBMs propose an LLM-based class-level con-
cept annotation method, where they use CLIP-Dissect [24]
for concept alignment. Posthoc CBMs propose a method
for converting a blackbox model into a CBM using con-
cept activation vectors [11]. Sparse CBMs propose training
CBMs using contrastive learning and self-supervision. Fi-
nally, VLG-CBMs use grounded open-domain object detec-
tors to enhance the faithfulness of concept learning.

Results: Tab. 1 shows the experimental results on standard
benchmark datasets. Our method provides an end-to-end
training pipeline while outperforming prior approaches as
shown in the table. We note that our implementation uses
a single logic module/layer (we stick to binary predicates
herein; extending to n-ary predicates would be an interest-
ing future direction), and thus use consistently lesser pa-
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MODEL CUB AWA2 CIFAR100
VANILLA CBM [14] 75.20 ± 0.79 88.81 ± 0.52 55.39 ± 0.62

MLP CBM [7] 72.63 ± 0.25 89.15±0.23 65.00 ±0.31

BOOLEAN CBM [6] 63.57 ± 0.27 82.97 ± 0.33 47.40 ± 0.82

LFCBM [25] 74.29 ± 0.24 89.76 ± 0.20 65.16 ± 0.14

POSTHOC CBM [48] 64.65 ± 0.08 89.14 ± 0.04 51.33 ± 0.02

SPARSE CBM [33] 70.28 ± 1.05 84.34± 0.12 61.68 ± 1.00

VLG-CBM [38] 60.38 ± 0.00 - 65.73 ± 0.00

LOGICCBM (OURS) 81.13 ± 0.42 90.04 ± 0.05 68.46 ± 0.45

Table 1. Validation accuracies (%) on the CUB, AwA2, and CI-
FAR100 datasets averaged over 3 seeds. Results for VLG-CBMs
were taken from their paper and don’t report results on AwA2.
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Figure 4. Qualitative results showing examples of the class-level
logic captured by LogicCBM on the CUB dataset

rameters than a Vanilla CBM across datasets (please see
Tab. A13 in the Appendix). Our experiments with the
concept pairing (CP) matrix also showed that both learned
concept pairings and random concept pairings performed
equivalently across datasets; we hence use the random pair-
ing for its efficiency in practice. We hypothesize this works
due to two key factors: (i) the subsequent learning process
builds on this concept pairing to learn suitable predicate-
class relationships; and (ii) there is sufficient redundancy
in the logic module which allows appropriate logic rela-
tions to be learned. Fig. 4 shows qualitative results of our
method on the CUB dataset (more such results are included
in Sec. A3 in the Appendix). As observed from the fig-
ure, our logic module provides a concise, yet expressive
set of interpretable units (predicates), which get the high-
est weight in our LogicCBM.

For completeness of this discussion, we also performed
a focused study on comparing our LogicCBMs with a dif-
ferent family of recent methods that extract logic explana-
tions from interpretable features – LENs [3]. Note that this
method is not intended for end-to-end logic-based predic-
tions (and hence is different from our core focus); how-
ever, for completeness of comparison, we train a ψ-net [3]

¬

¬¬

∧

∧
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Figure 5. Sample images from our CLEVR-Logic dataset along
with corresponding logic used to generate them.
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Figure 6. LogicCBM architecture for the CLEVR-Logic dataset.
Polyhedra denote concepts, diamonds denote logic neurons, cir-
cles denote classes.

and a LogicCBM directly on concept ground truths (with-
out any backbone network for concept extraction) from the
CUB dataset. LogicCBMs outperformed the ψ-net (64%
vs 51%), validating its usefulness for effectively learning
concept-class relationships.

4.1. Do these models learn meaningful logic?
Since real-world datasets do not have explicit logic supervi-
sion, it is not straightforward to assess the correctness of the
logic. We hence examine our method on synthetic datasets
where the logic used to generate the data is known, allowing
for validation of correctness of the model’s learned logic.
Datasets, Baselines and Metrics: We use three synthetic
datasets: XOR (proposed in [4]), 2XOR (a more complex
version of XOR which we created that computes the XOR
operation on three inputs) and CLEVR-Logic, a new vari-
ant of CLEVR [10] which we generated to study logical
relations among objects in images. In CLEVR-Logic we de-
fine concepts to be a set of CLEVR objects (sphere, cone,
cube, cylinder) and specify classes as logical operations
among these objects, which defines what is in the image
(for example, sphere ⊕ cone could be one class which has
images that exclusively contain either a sphere or a cone).
CLEVR images are then generated per class following the
class-specific logic. Sample images and their correspond-
ing logical relationships are shown in Fig. 5. More details
are included in Sec. A2 in the Appendix. All our code and
datasets will be made publicly available upon acceptance.
Implementation Details: For the XOR and 2XOR datasets,
our objective in the training process is to learn the correct
logic predicate among the options (XOR is one of the pos-
sible logic gates in our logic module). To this end, we train
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DATASET DCR[1] OUR METHOD (LOGICCBMS)

XOR
(c1∧ ∼ c2) ∨ (∼ c1 ∧c2) c1 ⊕ c2

# P : 180 # P : 16

2XOR

(∼ c0∧ ∼ c1 ∧ c2)
c1 ⊕ c2 ⊕ c3∨ (∼ c0 ∧ c1∧ ∼ c2)

∨ . . .
# P : 783 # P : 48

Table 2. Logic rules learned (along with number of parameters
used: #P) by DCR [1] and our method on XOR and 2XOR datasets

GT RULE DCR[1] ERROR LCBM ERROR LCBM RULE

c1⊕ c2 0.4 % ± 0.06 0 % ± 0.00 c1⊕ c2

¬(c1⊕ c2) ∧ c3 0.5 % ± 0.02 0 % ± 0.00 ¬(c1⊕ c2) ∧ c3

¬(c1⊕ c2) ∧ ¬c3 1.7 % ± 1.5 0 % ± 0.00 ¬(c1⊕ c2) ∧ ¬c3

Table 3. Error rate results for DCR and our method (LCBM = Log-
icCBM) on CLEVR-Logic dataset (all models trained on 2 seeds).
We also show the ground truth logic and logic learned by our
model, which matches the ground truth on all these experiments.

single-layer and two-layer LogicCBM models for the two
datasets respectively. For CLEVR-Logic, we train a concept
encoder to capture various CLEVR objects as concepts. The
extracted concepts are then passed through two logic mod-
ules (since some ground truth logic requires 3-ary predi-
cates, as shown in Fig. 5) containing 15 logic neurons each.
Fig. 6 shows our model architecture. The predicates them-
selves are the class labels here. We also train DCR [1] mod-
els as a baseline on all three datasets for comparison.
Results: Tab. 2 presents the results for the XOR and 2XOR
datasets. As evident in the table, our models learn more
succinct and expressive logic, while also using significantly
lesser parameters. The DCR models generate explanations
only in terms of AND, OR and NOT, necessitating lengthy
explanations, especially evident in the case of 2XOR. Tab. 3
shows the results (including the ground truth and learned
predicates) for multiple runs on the CLEVR-Logic dataset.
Our LogicCBM model is reliably able to learn the under-
lying class-level logic. The DCR model misclassifies some
input samples, as seen in the error rates shown in the table.

4.2. More Analysis
4.2.1. Logic leads to better concept alignment
Concept activations of samples belonging to the same class
are expected to be close to each other. We capture this as-
pect of a model’s behavior using concept alignment, where
we measure the average degree of similarity of concept ac-
tivations among samples belonging to the same class. Let
ni denote the number of samples belonging to class i and g
indicate the model’s concept encoder. We compute concept
alignment using cosine similarity as below:

CA(i) =

ni∑
j1=1

ni∑
j2=j1+1

cos(g(xj1), g(xj2)) (5)

We compare Vanilla and LogicCBMs, the results of which
are shown in Tab. 4. Our logic-based models have a consis-

tently higher concept alignment across datasets. We provide
some class-level analysis of this in the Appendix (Sec. A3).

METHOD CUB AWA2 CIFAR100
VANILLA CBM 0.8619 ± 0.001 0.9754 ± 0.021 0.9936 ± 0.007

LOGICCBM 0.9284 ± 0.001 0.9810 ± 0.026 0.9996 ± 0.000

Table 4. Mean concept alignment scores on Vanilla CBM and Log-
icCBM. The higher the better.

4.2.2. Logic can be used for finetuning
We studied the possibility of using our logic module to
finetune a pre-trained concept-based model. In certain use
cases, it is possible that we may not want to train a Log-
icCBM from scratch (or architecturally change an existing
concept-based model), but may be interested in enhanc-
ing an existing model’s performance with additional logic.

Figure 7. Proposed architecture to use
logic for finetuning an existing CBM.

To this end, as
shown in Fig. 7,
we propose the use
of our logic module
in a separate logic
classification head
in the architecture
(f2), which takes
in concept activa-
tions during fine-
tuning. The baseline CBM’s backbone can now leverage
the logic head’s gradient as well. The training objective in
this case hence is given by:

L = LCE1
+ αLCE2

+ β · LBCE (6)
where a cross-entropy loss is used over both the heads (orig-
inal and logic head), where α and β are weighting hyper-
parameters. Our results on Vanilla CBMs using this ap-
proach are reported in Tab. 5 and show consistent gains and
promise in such an approach.

MODEL CUB AWA2 CIFAR100
VANILLA CBM 75.20 ± 0.79 88.81 ± 0.52 55.39 ± 0.62

VANILLA CBM + L 79.21 ± 0.08 89.56 ± 0.07 65.89 ± 0.72

Table 5. Classification accuracy of CBMs obtained by finetuning
using our logic module (LF: Logic for Finetuning).

4.2.3. Logic makes interventions more effective
One way to study the correctness of the learned logic us-
ing LogicCBMs is to intervene on concepts in test sam-
ples, and observe the outcomes. In order to study this,
we perform interventions on misclassified samples at test
time, where we randomly choose k concepts (output of con-
cept layer) obtained from the respective data sample and
replace them with their ground truths. On all baseline mod-
els, we perform k ∈ {4, 8, 10} such test-time interven-
tions; and on our LogicCBM model, we perform k/2 pred-
icate interventions (i.e. {2, 4, 5}) for fairness of compari-
son, as each logic predicate is composed of two concepts.
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Figure 8. Ratio of test-time inter-
vention successes on baselines vs our
CBM method on the CUB dataset.
x-axis indicates number of interven-
tions performed.

Also, as logic predi-
cates do not have di-
rect ground truths avail-
able, we manually re-
place the predicate in
the misclassified sam-
ple with the expected
logic neuron operation
on the corresponding
ground truth concepts.
We perform this evalu-
ation on CUB, as it is
relatively the most dif-
ficult dataset. Fig. 8
shows the the ratio of intervention successes as the fraction
of the number of misclassified samples that change to the
correct prediction (after this intervention), among all mis-
classified samples for a given method. Ideally, a higher ratio
would indicate a better concept-class relationship learned.
As the plot shows, we see that LogicCBMs have the most
effective successful interventions. Some baseline methods
(Posthoc and Sparse CBMs) don’t have concept ground
truths at a sample/class level, and hence could not be re-
ported herein.

4.2.4. The diversity of logic gates used matters
As stated earlier, the number of logic gates used in Logic-
CBMs are q = 16 (as listed in Tab. A16 in the Appendix).
Fig. 9 shows the distribution across logic gates learned by
the models on the CUB and AwA2 datasets (plots for CI-
FAR100 is in Appendix Sec. A3). The bar plots show the
use of all gates in each of the datasets. Some gates like
NOT are relatively less used on some of the datasets, pos-
sibly because the other predicates had a stronger impact on
the prediction. To study this further, we reduce the num-
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Figure 9. The distribution of logic gates learned by our LogicCBM
models on the CUB and AwA2 datasets. See Appendix Sec. A3
for results on CIFAR100.

ber of logic gate types used to 8, thus reducing the diver-
sity of possible logic operations, and study the accuracy
on each of these datasets. In particular, the set of 16 logic
gates is pruned to 8 by retaining only the simpler operations

#LOGIC TYPES CUB AWA2 CIFAR100
16 81.13 ± 0.42 90.04 ± 0.05 68.46 ± 0.45

8 63.32 ± 0.62 86.39 ± 0.61 59.45 ± 0.11

Table 6. Drop in accuracy on reducing q (number of logic opera-
tions considered) from 16 to 8. Results indicate the importance of
diversity of logic gates used.

(∧,∨, 1, 0, c1, c2,¬c1,¬c2) and removing the more expres-
sive ones. Tab. 6 shows the results of this study, where we
observe that the reduced number of logic gate types used has
a marked impact on performance with a considerable drop
in accuracy across datasets, particularly evident on CUB
which we attribute to its fine-grained nature. This high-
lights the use of a diverse set of logic gates for better perfor-
mance. Exploring an optimal set of logic gates for a given
task can be another interesting direction of future work.

Beach House

A beach house has a railing or
is used as a place of reading 
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Gates learned by LCBM on SUN class 55

Figure 10. An example predi-
cate learned by a LogicCBM on
the SUN Attribute dataset for the
Beach House class. The bar plot
indicates the distribution of logic
gates learned for the class.

4.2.5. Scaling to 500+
classes: LogicCBMs for
scene recognition
In order to study how
LogicCBMs scale, we
conduct experiments
on the SUN attribute
dataset [26], a large-scale
scene recognition dataset
with 500+ categories.
LogicCBMs match the
performance of a Vanilla
CBM (≈ 85% validation
accuracy on both models).
Importantly, we observed
that the qualitative re-
sults showed improved
performance; an example
of the logic captured
by our model is shown
in Fig. 10 along with
the learned class-level
logic gate distribution
(more such results are in
Appendix Sec. A3). This
is also reflected in our other metric in Appendix Tab. A8.
We obtain the class-level logic distribution by running
inference on all samples belonging to a chosen class and
averaging the maximum activating logic gate for each logic
neuron over all samples.

4.3. CCG: A Worst-Case Metric for CBMs
Concept-based interpretable models are especially of im-
portance in high-risk scenarios where there may be a high
cost associated with an erroneous decision. We hence pro-
pose a metric to study CBM-related models in such a worst-
case setting to assess the quality of concept/predicate-class
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Figure 11. Some examples of pre- and post-correction confidences of a Vanilla CBM (left) and a LogicCBM (right, highlighted in yellow).
Note the significantly improved confidences of the LogicCBM model post correction.

relationships they have learned. Our evaluation is based on
test-time corrections of concepts (or predicates). For each
sample, we identify the most misleading concept (or pred-
icate) and turn it off (or on, depending on ground truth for
a given example). We then measure the resulting change
in the model’s prediction confidence, where confidence is
measured as the softmax output of the ground truth class.
For example, certain species of dogs have pointy ears, al-
though it is more common in cats. If a model incorrectly
predicts ’cat’ for such an image, we can test whether turning
off the misleading concept pointy ears increases the model’s
confidence in the correct class (’dog’). A significant posi-
tive change in model confidence represents correctness of
the learned concept-class relationships. We define this met-
ric as Concept Correction Gain (CCG). Ideally, the CCG
would be high, indicating sensitivity to the right semantic
cues. CCG is similar in principle to activation patching [9].
While activation patching is a mechanistic interpretability
technique to analyze the behavior of a model’s components,
CCG quantifies a model’s confidence when some mislead-
ing information is removed. Formally:

CCG =
1

|C|
∑
i∈C

[
σ
(
y̌i
)
y∗
i

− σ
(
ŷi
)
y∗
i

]
(7)

where, y∗i is the ground truth class from the ith sam-
ple, y̌i and ŷi are the pre and post correction probabil-
ity distributions over the classes and |C| is the number
of samples that get corrected when the chosen concept
(or predicate) is replaced by its ground truth. In base-
line concept-based models, we replace the most mislead-
ing concept by its ground truth presence (or absence). In
our LogicCBM, since we do not have predicate ground
truths, we consider the logic gate of the most mislead-
ing logic neuron and compute the selected logic oper-
ation on the ground truths of its constituent concepts.
This is further described in the Appendix (Sec. A2.1)
along with how the misleading concept/predicate is es-
timated. Note that when we make a single correction
in a LogicCBM predicate, for fairness of comparison,

we make two corrections in other baseline methods.

Model CCG
Vanilla CBM 0.2102
MLP CBM 0.117

Boolean CBM 0.308
LFCBM 0.2491

Posthoc CBM 0.293
Sparse CBM 0.358

LCBM (Ours) 0.5228

Table 7. Our CCG metric
values on different base-
line models on the CUB
dataset. Higher the value,
the more responsive the
model is to corrections.

Tab. 7 reports the CCG metric for
LogicCBM and baseline models
(other than VLG-CBMs since we
don’t have access to their mod-
els) on the CUB dataset (more re-
sults are in Appendix Sec. A2).
LogicCBMs significantly outper-
form other methods, showing
their utility in potentially high-
risk scenarios that require inter-
pretability. While these numbers
provide a population-level view,
we also show some qualitative
results at a sample level that ex-
amine the pre- and post-correction confidences of these
models in Fig. 11.

5. Conclusion
In this work, we presented LogicCBMs, a new pathway
to integrate logic into concept-based learning models. We
leverage differentiable fuzzy logic operations integrated
into such models to predict a model’s classification out-
put through logical compositions over intermediate seman-
tics defined by concepts. To study the performance of our
logic-enhanced concept-based models, we perform compre-
hensive experiments on well-known standard benchmarks
as well as on syntheic datasets including a new one we
introduce, CLEVR-Logic. We also provide a worst-case
analysis metric (CCG) that can help support further stud-
ies in this area. Logic gates are a way of giving the model
more modeling capacity without losing interpretability. Our
experiments show that these models improve on multiple
model metrics beyond accuracy including better concept
alignment, effective interventions and receptivity to correc-
tions. We believe that our work provides a new dimension
to concept-based learning and can improve a model’s over-
all performance by giving it the ability to logically express
its predictions in terms of semantic symbols.
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