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ABSTRACT

We introduce a generative model with an intrinsically interpretable layer—a con-
cept bottleneck layer† —that constrains the model to encode human-understandable
concepts. The concept bottleneck layer partitions the generative model into three
parts: the pre-concept bottleneck portion, the CB layer, and the post-concept bot-
tleneck portion. To train CB generative models, we complement the traditional
task-based loss function for training generative models with a concept loss and an
orthogonality loss. The CB layer and these loss terms are model agnostic, which
we demonstrate by applying the CB layer to three different families of generative
models: generative adversarial networks, variational autoencoders, and diffusion
models. On multiple datasets across different types of generative models, steering a
generative model, with the CB layer, outperforms all baselines—in some cases, it is
10 times more effective. In addition, we show how the CB layer can be used to inter-
pret the output of the generative model and debug the model during or post training.

1 INTRODUCTION

Improvements in generative modeling have led to these models being applied to produce photo
realistic images (Saharia et al., 2022), video (Ho et al., 2022; Villegas et al., 2022), protein se-
quences (Ingraham et al., 2022), small molecules (De Cao and Kipf, 2018), and coherent text (Brown
et al., 2020). However, current generative models admit little-to-no-room for interpretation, which
limits the ability to fix these models when they make mistakes. Consider a model trained to generate
protein sequences; a domain expert might be interested in determining whether the model has captured
desirable features like thermostability and toxicity. An important goal is to use these features, as
knobs, to steer the model to generate sequences that satisfy desired ranges of thermostability and
toxicity. In this work, we develop generative models with intrinsically interpretable components that
can be used to simultaneously interpret, debug, and steer the output of the model.

Challenges with interpreting and steering generative model representations. Current approaches
for interpreting generative models cannot reliably indicate that a model’s representations map to
human-understandable features that the model relies on for its output. One approach (Belinkov,
2022) for interpreting a generative model’s representations uses a low-complexity model to pre-
dict a human understandable feature from the model’s representations. However, high predictive
performance of the low-complexity model does not indicate that the model’s output relies on that
feature (Lovering and Pavlick, 2022). Another approach constrains the model to learn disentangled
(Higgins et al., 2017; Tran et al., 2017; Meo et al., 2023) representations—that is, representations
that can be decomposed into independent factors. Nevertheless, it is not possible to guarantee that a
disentangled representation is human interpretable (Locatello et al., 2019). Other approaches project
model representations into lower dimensions and then search for directions correlated with human
interpretable features (Härkönen et al., 2020); yet since the model was not constrained to learn such
features, it is possible that its representations do not encode these desired features.

∗The authors have contributed equally to this work and are listed in alphabetical order.
†Code is available at https://github.com/prescient-design/CBGM
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Figure 1: Steering using the CB layer for different architectures and datasets. The CB layer does
not hurt generation quality and can scale to high-dimensional settings. (a) A concept bottleneck
StyleGAN2 model trained on the FFHQ 1024x1024 dataset. (b) A concept bottleneck diffusion
model trained on the LAION Aesthetics 256x256 dataset, where we steer the artistic style.

Concept bottleneck generative models (CBGMs). To address challenges with interpreting and
steering current generative models, we present concept bottleneck generative models. In this genera-
tive model, one of its internal layers—a concept bottleneck (CB) layer—is constrained to encode
human-understandable features. We insert the CB layer into the generative model’s architecture, the
generative model can be divided into three parts: the pre-concept bottleneck portion, the CB layer,
and the post-concept bottleneck portion. The pre-concept bottleneck portion maps from the input
to activations, which the CB layer then maps into human-understandable features. The pre-defined
concepts alone can be incomplete, so we allow additional representational capacity for unknown
concepts that are constrained to be orthogonal to the pre-defined features. Lastly, the post-concept
bottleneck layer maps both the output of the CB layer and unknown concepts to the generated output.
To train CBGMs, we complement the traditional loss functions for training generative models with
two terms: a concept loss and an orthogonality loss. The CB layer is model agnostic, which we apply
to 3 different families of generative models: generative adversarial networks, variational autoencoders,
and diffusion models. Using the CB layer, we can demonstrate the following capabilities:

• Steering Generative Models: By intervening on the output of the CB layer, we can modulate the
level of a particular concept present in the output of a generative model. We use this capability to
control single concepts independently, and multiple concepts simultaneously. Figure 1 shows an
example of intervening on denoising diffusion probabilistic models and generative adversarial
networks with a CB layer. We can change the concept of the image while preserving the image
quality. Across several datasets and 3 types of generative models, steering a generative model
with the CB layer outperforms several input conditioning baselines. We find that when the number
of concepts increases the performance of conditioning models dramatically degrades while the
performance of CBGMs remains almost unchanged; in such cases, we can achieve up to 10x
improvement in steerability compared to traditional approaches.

• Understanding and Debugging Generative Models: The CB layer can also be used to debug a
generative model during and post training. In Section 4.3, we show that the CB layer can help
identify the important concepts that are responsible for a model’s generated output. Similarly, the
output of the concept bottleneck (CB) layer can be used to distinguish a model that has learned
the pre-defined human-understandable features from a model that has not.
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2 SETUP & B ACKGROUND

We now give an overview of concept bottleneck models and the types of generative models that
we consider. We assume that all training samples come with pre-de�ned human understandable
features as such:f (x i ; ci )gn

i =1 , where an examplex i 2 Rd and an associated conceptci 2 Rk with
k << d . Generative models consider the task of modeling the probability distribution of an observed
random variablex � P(x). We consider three generative model families: variational autoencoders
(VAEs) (Kingma and Welling, 2013), generative adversarial networks (GANs) (Goodfellow, 2016),
and diffusion models (Sohl-Dickstein et al., 2015; Song et al., 2020; Ho et al., 2020).

Concept Bottleneck Models (CBMs) & Concept Embedding Models (CEMs). CBMs (Koh et al.,
2020) inserts an `interpretable' layer into a deepnet. Speci�cally, CBMs map samplesx i to labels
yi by �rst mappingx i to an intermediate representationci = h(x i ), whereci are understandable
human concepts (e.g., hair color). An `interpretable' label predictor,f , then maps the predicted
concepts to labels:y = f (h (x)) . Consequently, the goal is to learn the following relationship

x i
h�! ci

f
�! yi . The functionsh andf can be learned jointly, sequentially, or independently. To

improve the expressiveness of CBMs, (Espinosa Zarlenga et al., 2022) proposed CEMs, which map
the input to a high-dimensional representation for each concept.

Variational Autoencoder. VAEs (Kingma and Welling, 2013; Kingma et al., 2019) consists of two
components: an encoder and a decoder. The encoder,q(zi jx i ), maps an input,x i , to a distribution
over the latent variable,zi . The encoder parameterizes a Gaussian density, from which we sample
a latent vectorzd

i . VAEs regularizes this latent distribution to be similar to the prior distribution
p(z), which is typicallyz � N (0; I ). The vectorzd

i is passed to the decoder,p(x i jzd
i ), a function

that maps the latent vector to a distribution over the input. The task loss for the VAE is the negative
log-likelihood:

L (x i )task ;vae = DKL
�
q(zi jx i ) jjp (zi )

�
� E

�
logp(x i jzd

i )
�
; (1)

whereDKL is the Kullback-Leibler divergence.

Generative Adversarial Networks. GANs (Goodfellow et al., 2014) consist of a generatorG that
captures the data distribution and a discriminatorD that estimates the probability that a sample came
from either the training data orG. The generator maps a noise vectorzi to an outputx̂ i = G(zi ).
Conditional GANs (Mirza and Osindero, 2014; Chen et al., 2016; Odena et al., 2017) augment
the input to the generator with the concepts and also learnG(zi jci ). They, however, do not learn
ci = h(zi ). To learnci = h(zi ), we �rst encodex i into a latent vectorq(zi jx i ), sincep(ci jx i ) is
known, i.e., concepts for a given sample are known, we now can learnci = h(zi ). Similar to VAEs,
we then sample a new latent vectorzd

i and use this for generationG(zd
i ). This approach has been

widely employed (Larsen et al., 2016; Isola et al., 2017; Wang et al., 2018) for image generation. For
training, we use the loss introduced by VAE-GANs (Larsen et al., 2016), which combines the VAE
encoder regularization prior loss with a GAN loss.

L (x i )task ;gan = DKL
�
q(zi jx i ) jjp (zi )

�
+ E

�
logD (x i )

�
+ E

�
1 � logD

�
G

�
zd

i

���
: (2)

Diffusion models. Diffusion models can be interpreted as latent variable models with two
stages (Sohl-Dickstein et al., 2015; Ho et al., 2020). Given input datax i , the �rst stage is the
forward diffusion process, which involves incrementally adding Gaussian noise to the input and
can be described as:q

�
x t

i jx
t � 1
i

�
= N

�
x t

i ;
p

1 � � t x t
i ; � t I

�
; where� t is determined according to

a pre-speci�ed schedule. The second stage of the process learns a denoising model,p
�
x t � 1

i jx t
i

�

that reverses the forward process. The model is trained to maximize a lower bound to the marginal
likelihood, which can be relaxed into a mean-squared error loss as:

L (x t
i )task ;df =

TX

i =1

E



 � (x t

i ; t) � �̂
�
x t

i ; x t =0
i

� 


 2

: (3)

We refer to (Ho et al., 2020; Weng, 2021; Rogge and Rasul, 2022) for a more detailed overview of
diffusion models.
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3 CONCEPTBOTTLENECK GENERATIVE MODELS

We propose to insert a concept embedding layer—which we term a concept bottleneck (CB) layer—
into a generative model. Our overall framework, shown in Figure 2, consists of 3 parts: the portion of
the generative model before the CB layer (the pre-concept bottleneck network); the CB layer, and
the portion of the generative model after the CB layer (the post-concept bottleneck network). The
pre-concept bottleneck and post-concept bottleneck networks are speci�c to the type of model (GANs,
diffusion, & VAE) used for generation, while the CB layer is common across all generative model
families. We now discuss the architecture of the CB layer, its loss functions, and an intervention
procedure for steering the generative model.

Figure 2: Schematic of the concept bottleneck layer for a generic generative model.

3.1 ARCHITECTURE

We adopt the CEM layer of Espinosa Zarlenga et al. (2022) to the generative model setting. However,
unlike in supervised learning tasks where the concept set is assumed to be near complete (Koh
et al., 2020; Espinosa Zarlenga et al., 2022; Yuksekgonul et al., 2022), it is unrealistic to expect the
pre-de�ned human understandable features—concepts—to be complete in the generative setting.
For example, consider generating a human face; �nding a comprehensive set of concepts that can
control every generation aspect is challenging. However, one might have available concepts such as
hair color, eye color, and skin tone. We extend the CEM layer of Espinosa Zarlenga et al. (2022) to
encode for unknown concepts that might also be required for generation. The proposed modi�cation
of the concept bottleneck layer is shown in Figure 2, and consists ofk concept networks and an extra
unknown-concept network.

Concept Embeddings. Each concept is represented with two embeddings:w+
i ; w�

i 2 Rm

representing the active and inactive concept states, respectively. The output of the pre-concept
bottleneck portion, an embedding vectorh, is fed into a context network,� , that mapsh into
two embeddings per concept. This context network can be viewed as two separate functions:
w+

i = � + (h) andw�
i = � � (h). Embeddingsw+

i andw�
i are encouraged to be aligned with

ground-truth conceptci by the function	 i trained to predict the probability of conceptci being active
from the joint embedding space,ĉi = 	 i ([w+

i ; w�
i ]T ) 2 [0; 1] (i.e, ĉi is the predicted probability

of conceptci ). The �nal context embedding,wi , is a weighted mixture of the two embedding
wi =

�
ĉi w+

i + (1 � ĉi ) w�
i

�
. All k concept embeddings are concatenated together, along with the

non-concept embeddings,w = [ w1; w2; : : : ; wk+1 ], resulting in a bottleneckf (h) = w with size
m(k + 1) , which is fed into the post-concept network.

Adding the CB layer. We make the CB layer to be the �rst layer of the decoder for a VAE. Diffusion
models typically follow a U-Net structure, and the CB layer is inserted after the middle block of
the U-Net. For GANs, we make the input to the generator to be output of the CB layer. We refer
to Figure 6 in the Section A of the Appendix for additional discussion.
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Intervention on Concept Probabilities. CBGMs support test-time interventions, which allows
the user to steer the output of the generative model. To intervene on conceptci , one replaces the
probability of the concept being active,ĉi , with the desired probability�ci . The CB layers' context
embedding,wi =

�
�ci w+

i + (1 � �ci ) w�
i

�
, is combined as a convex combination of the positive

and negative context vectors. The new context embedding will then be passed to the post-concept
bottleneck model to generate the new output with the desired concept.

3.2 LOSSFUNCTIONS & T RAINING

We train CBGMs in an end-to-end fashion by jointly minimizing the following loss function:

L total = L task + � L con + � L orth (4)

whereL task is the task loss,L con is the concept loss, andL orth is the concept orthogonality loss. The
hyperparameters� , and� control the relative importance of the concept, and orthogonality losses.
While the task loss is speci�c to each generative model family,L con , andL orth are common across
different models.

• Task Loss: the task loss is the traditional objective function for each generative model family as
de�ned in Equations 1, 2, and 3, respectively.

• Concept Loss: across all generative model classes, the concept loss,L con , is the binary cross-
entropy loss on the output of each probability network of the CB layer.

• Concept Orthogonality Loss: An undesirable situation occurs if the unknown concepts are trans-
formations of the known concepts, which hampers the ability to control the model's output. To
prevent this, we encourage the unknown concepts to be orthogonal to the outputs of each concept
network using an orthogonality constraint (Ranasinghe et al., 2021) that minimizes the cosine sim-
ilarity between the concept context embedding and the unknown context embedding as follows:

L orth =
X

j 2 B

P i = k
i =1

�
�hwi ; wk+1 i

�
�

P i = k
i =1 1

(5)

whereh�; �i is the cosine similarity applied to two embedding,j � j is the absolute value, and
B denotes mini-batch size andj denotes each sample in the mini-batch. The cosine similarity
in the above equation involves the normalization of features such thathx i ; x j i = x i �x j

kx i k2 �k x j k2
,

wherek � k2 is l2 norm.

4 EXPERIMENTS& RESULTS

In this section, we answer the following:

1. Steerability: How well does the CB layer control the output of a generative model, and how does
steering by intervening on the CB layer compare to traditional conditional generation methods?

2. Interpretability : How can the CB layer be used to help interpret and debug a generative model?
3. Generation quality & Ablations How does the inclusion of the CB layer affect generation

quality? Also, how sensitive is the model's steerability to each of the proposed components?

4.1 SETUP

Datasets.We consider the following datasets: (a) The64 � 64 version of CelebFaces Attributes
(Celeb-A), (Liu et al., 2015) that is annotated with 40 attributes (e.g., male, smiling etc.); (b)
a curated subset of `aesthetic' LAION (Schuhmann et al., 2022) dataset that is annotated with
concepts corresponding to one of three categories: artistic style, presence of a famous person, and
�ctional characters giving a total of 155 concepts; (c) The Caltech-UCSD birds species (CUB) (Wah
et al., 2011) that comes annotated with 312 concepts; (d) FlickrFaces-HQ (FFHQ) human faces
dataset (Karras et al., 2019) consisting of 70,000 high-quality images at10242 resolution annotated
with 8 concepts describing the face (e.g., female, smiling, lipstick etc.); and (e) the Color-MNIST
dataset (Deng, 2012), where we take each label category and color as concepts.
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Generative Model Baselines.We consider three types of generative models: VAE, GANs, and
diffusion models. We compare our method with each family's most commonly used conditional gen-
eration approach. For GANs, we consider CGAN (Mirza and Osindero, 2014), and ACGAN (Odena
et al., 2017). For diffusion models, we compare with classi�er (Dhariwal and Nichol, 2021) and
classi�er-free (CF) guidance (Ho and Salimans, 2022). For VAEs, we benchmark against conditional
VAEs (CVAE) (Sohn et al., 2015).

4.2 STEERING CB GENERATIVE MODELS

We assess the ability of the CB layer to steer the output of the generative model effectively. As
discussed in Section 3, to `turn on' a concept, we intervene on the concept probability,ci . We
compare concept intervention via the CB layer to other prominent conditional generation strategies.

Experimental Setup We train concept classi�ers to detect the presence of a concept in an input
on the real data; we ensure that the minimum accuracy of any concept classi�er is at least 98% on a
held-out test set from the real data. We sample noise latent vectors and then use them to generate
images from the model. For each concept, we pass the generated image to the concept classi�er, save
the latent vector if the classi�er predicts the concept to be absent (i.e., the probability of the concept
present is less than 0.5), until we have 1000 samples. For each steering approach, we intervene to
`turn-on' the concept and generate new outputs. Finally, we assess the newly generated images with
the original classi�er again and measure the fraction of inputs for which it predicts the concept to be
present; we termed this metric the steerability accuracy. We examine the performance of models in
two regimes: (a)Small balanced concepts regime:We extract a subset of concepts with balanced
labels across the dataset; for Celeb-A we extract the 8 most balanced concepts, and for CUB, we
extract the 10 most balanced concepts. We then train models on the balanced subset. (b)Large
unbalanced concepts regime:We train on all concepts regardless of their distribution in the dataset;
here, we considered all 40 concepts for Celeb-A. We repeat each experiment 3 times and report the
mean and variance in Table 1 (per concept metrics is available in Appendix ).

Concept Regime Small balanced concepts Large unbalanced concepts
Dataset CUB (10 concepts) Celeb-A (8 concepts) Celeb-A (40 concepts)
CGAN 5.4� 0.4 8.7� 1.3 2.9� 0.0

ACGAN 18.5� 0.4 9.2� 0.7 1.2� 0.1
CB-GAN 21.3� 0.3 25.6� 0.5 23.1� 0.2

CF-Diffusion 2.7� 1.9 7.15� 3.8 5.1� 2.4
CG-Diffusion 2.1� 1.4 6.8� 1.1 5.4� 2.6
CB-Diffusion 14.8� 6.2 13.8� 2.7 12.6� 1.7

CVAE 1.2� 0.1 5.9� 1.6 5.3� 1.6
CB-VAE 10.7� 4.6 16.3� 4.1 15.5� 3.3

Table 1: Average steerability metric for all concepts across three generative model families.

Results In the small balanced concepts regime, we �nd that steering via the CB layer is much
more effective across different datasets and generative models when compared to different standard
conditioning approaches, in some cases up to 10x more effective, as shown on the CUB dataset
for diffusion and VAEs. In the large unbalanced concepts regime, we �nd that the performance of
conditioning models dramatically decreases with the increase in the number of concepts for example
ACGAN accuracy drops from 9.2% to 1.2% when the model is required to learn 40 concepts instead
of 8 concepts; however using a CB layer the performance degradation is minimal (at most 2.5%).

Scaling Input Size & Number of Concepts We now test the effectiveness of CB generative models
as we scale the input size, and the number of concepts. First, insert a CB layer into the StyleGAN2
architecture and train the model on FFHQ10242 dataset, Figure 1 (a) shows samples generated from
the model. We �nd that adding a concept bottleneck layer does not affect the generation quality,
and we are able to steer different facial concepts. Second, to test the effect of scaling the number of
concepts, we train a CB diffusion model on a curated subset of the LAION dataset, where each image
is annotated with 155 concepts. In Figure 1 (b), we demonstrate the effect of steering the artistic style.
The �rst image in each example shows generated inputs without any concept intervention, while
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