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Abstract
Post-hoc explanation methods are gaining popularity for interpreting, understanding, and debugging neural networks.
Most analyses using such methods explain decisions in response to inputs drawn from the test set. However, the test set
may have few examples that trigger some model behaviors,
such as high-conﬁdence failures or ambiguous classiﬁcations.
To address these challenges, we introduce a ﬂexible model
inspection framework: BAYES -T R E X. Given a data distribution, BAYES -T R E X ﬁnds in-distribution examples which trigger a speciﬁed prediction conﬁdence. We demonstrate several
use cases of BAYES -T R E X, including revealing highly conﬁdent (mis)classiﬁcations, visualizing class boundaries via
ambiguous examples, understanding novel-class extrapolation behavior, and exposing neural network overconﬁdence.
We use BAYES -T R E X to study classiﬁers trained on CLEVR,
MNIST, and Fashion-MNIST, and we show that this framework enables more ﬂexible holistic model analysis than just
inspecting the test set. Code and supplemental material are
available at https://github.com/serenabooth/Bayes-TrEx.
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Introduction
Figure 1: Given a Corgi/Bread classiﬁer, we generate prediction level sets, or sets of examples which trigger a target prediction conﬁdence (e.g., pCorgi = pBread = 0.5). Perturbing
an arbitrary image to trigger the target conﬁdence is one way
of ﬁnding such examples, as shown in (A). However, such
examples give little insight into the typical model behavior
because they are unrealistic and unlikely. For more insight,
BAYES -T R E X explicitly considers a data distribution (gray
shading on the bottom plots) and ﬁnds in-distribution examples in a particular level set (e.g., likely Corgi (B), likely
Bread (D), or ambiguous between Corgi and Bread (C)).
Bottom left: the classiﬁer level set of pCorgi = pBread = 0.5
overlaid on the data distribution. Example (A) is unlikely to
be sampled by BAYES -T R E X due to near-zero density under the distribution, while example (C) is likely to be sampled. Bottom right: Sampling directly from the true posterior is infeasible, so we relax the formulation by “widening”
the level set. By using different data distributions and conﬁdences, BAYES -T R E X can uncover examples that invoke
various model behaviors to improve model transparency.

Debugging, interpreting, and understanding neural networks
can be challenging (Doshi-Velez and Kim 2017; Lipton
2018; Odena et al. 2019). Existing interpretability methods
include visualizing ﬁlters (Zeiler and Fergus 2014), saliency
maps (Simonyan, Vedaldi, and Zisserman 2013), input perturbations (Ribeiro, Singh, and Guestrin 2016; Lundberg
and Lee 2017), prototype anchoring (Li et al. 2018; Chen
et al. 2019), tracing with inﬂuence functions (Koh and Liang
2017), and concept quantiﬁcation (Ghorbani, Wexler, and
Kim 2019). While some methods analyze intermediary network components such as convolutional layers (Bau et al.
2017; Olah, Mordvintsev, and Schubert 2017), most methods instead explain decisions based on speciﬁc inputs. These
inputs are typically selected from the test set, which may
lack examples that lead to highly conﬁdent misclassiﬁcations or ambiguous predictions. Thus, it may be challenging
to extract meaningful insights and attain a holistic understanding of model behaviors by using only test set inputs.
Finding and analyzing inputs that invoke the gamut of model
behaviours would improve model transparency by example.
Copyright © 2021, Association for the Advancement of Artiﬁcial
Intelligence (www.aaai.org). All rights reserved.
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Related Work

2.1 Model Transparency
Broadly, transparency is achieved when a user can develop
a correct understanding and expectation of model behavior. One common technique for developing transparency is
the test set confusion matrix: this matrix expresses the classiﬁer’s tendency of mistaking one class for another. Other
transparency methods try to “open” black-box models—for
example, by visualizing convolutional ﬁlters through optimization (Erhan et al. 2009; Olah, Mordvintsev, and Schubert 2017) or image patches (Bau et al. 2017). Like BAYES T R E X, other transparency methods communicate model behaviors through examples—for example, with counterfactuals (Antorán et al. 2020; Kenny and Keane 2020) or with
student-teacher learning examples (Pruthi et al. 2020).
Some transparency methods aim to explain a model’s response to an individual input. For example, saliency maps
compute a heat map over the input that represents the importance of each pixel (Simonyan, Vedaldi, and Zisserman
2013; Zeiler and Fergus 2014). Importantly, these inputbased methods require a two-stage pipeline: ﬁnding interesting inputs → explaining the model responses (e.g., with
saliency maps). Current efforts are focused on the second
stage with inputs simply retrieved from the test set. To the
best of our knowledge, BAYES -T R E X is the ﬁrst work dedicated to the ﬁrst stage of ﬁnding interesting inputs. The examples uncovered by BAYES -T R E X can be used with any
input-based method for further analysis (Fig. 2 and App. K).

Figure 2: BAYES -T R E X ﬁnds a CLEVR scene which is incorrectly classiﬁed as containing a sphere. The generated example (left) is composed of only cylinders and cubes, but the
classiﬁer is 97.1% conﬁdent this scene contains one sphere.
The SmoothGrad (Smilkov et al. 2017) saliency map highlights the small red cylinder as the object that is confused for
a sphere. When we remove it, the classiﬁer’s conﬁdence that
the scene contains one sphere drops to 0.1%.

To create new examples beyond the scope of the test set,
BAYES -T R E X takes a data distribution—either manually
deﬁned or learned with generative models—and ﬁnds indistribution examples that trigger various model behaviors.
BAYES -T R E X ﬁnds examples with target prediction conﬁdences p by applying Markov-Chain Monte-Carlo (MCMC)
methods on the posterior of a hierarchical Bayesian model.
For example, Fig. 1 shows a Corgi/Bread classiﬁer. For different p-level set targets (e.g., pCorgi = pBread = 0.5),
BAYES -T R E X can ﬁnd examples where the model is highly
conﬁdent in the Corgi class, in the Bread class, or ambiguous between the two. We use BAYES -T R E X to analyze classiﬁers trained on CLEVR (Johnson et al. 2017) with a manually deﬁned data distribution, as well as MNIST (LeCun and
Cortes 2010) and Fashion-MNIST (Xiao, Rasul, and Vollgraf 2017) with data distributions learned by variational autoencoders (VAEs) (Kingma and Welling 2013) or generative adversarial networks (GANs) (Goodfellow et al. 2014).
BAYES -T R E X can aid model transparency by example
across several contexts. Each context requires a different
data distribution and a speciﬁed prediction conﬁdence target.
For example, BAYES -T R E X can generate ambiguous examples to visualize class boundaries; high-conﬁdence misclassiﬁcation examples to understand failure modes; novel class
examples to study model extrapolation behaviors; and highconﬁdence examples to reveal model overconﬁdence (e.g.,
in domain-adaptation). In all of these use cases, the discovered examples can be further assessed with existing local
explanation techniques such as saliency maps (Fig. 2).
The main current alternative to BAYES -T R E X is to inspect a model by using test set examples. As a baseline
comparison, we search for highly conﬁdent misclassiﬁcations and ambiguous examples in the (Fashion-)MNIST and
CLEVR test sets. We ﬁnd few such test set examples meet
these constraints, and the majority of these can be attributed
to mislabeling in the dataset collection pipeline rather than
misclassiﬁcation by the model. In contrast, BAYES -T R E X
consistently ﬁnds more highly conﬁdent misclassiﬁed and
ambiguous examples, which enables more ﬂexible and comprehensive model inspection and understanding.

2.2 Model Testing
T ENSOR F UZZ (Odena et al. 2019) is a fuzzing test framework for neural networks which ﬁnds inputs that achieve a
wide coverage of user-speciﬁed constraints. T ENSOR F UZZ
is similar to BAYES -T R E X in that both methods aim to
ﬁnd examples that elicit certain model behaviors. While
T ENSOR F UZZ is designed to ﬁnd rare inputs that trigger
edge cases such as numerical errors, BAYES -T R E X ﬁnds
common, in-distribution examples. As such, BAYES -T R E X
is more suitable to help humans develop a correct mental
model of the classiﬁer. S CENIC (Fremont et al. 2019) is a
domain-speciﬁc language for model testing by generating
failure-inducing examples. While BAYES -T R E X is in part
inspired by S CENIC, its formulation is more ﬂexible.

2.3 Natural Adversarial Examples
One BAYES -T R E X use case is uncovering high-conﬁdence
classiﬁcation failures in the data distribution. This idea
is related to, but different from, natural adversarial attacks (Zhao, Dua, and Singh 2018). Most adversarial attacks inject crafted high-frequency information to mislead
a trained model (Szegedy et al. 2014; Goodfellow, Shlens,
and Szegedy 2014; Nguyen, Yosinski, and Clune 2015), but
such artifacts are non-existent in natural images. Zhao et
al. (2018) instead proposed a method to ﬁnd natural adversarial examples by performing the perturbation in the latent space of a GAN. While this method ﬁnds an example
which looks like a speciﬁc input, BAYES -T R E X ﬁnds highconﬁdence misclassiﬁcations in the entire data distribution.
11424

2.4

Conﬁdence in Neural Networks

classes, which poses scalability issues for large numbers of
classes. However, for a wide range of interesting use cases
of BAYES -T R E X, we can use the following reductions:
1. Highly conﬁdent in class i: pi = 1, p¬i = 0. We have


u|x ∼ N f (x)i , σ 2 ,
u∗ = 1.
(6)

BAYES -T R E X can also be used to detect overconﬁdence
in neural networks. An overconﬁdent neural network (Guo
et al. 2017) makes many mistakes with disproportionately
high conﬁdence. While many approaches aim to address
this network overconﬁdence problem (Blundell et al. 2015;
Gal and Ghahramani 2016; Lee et al. 2018; Thulasidasan
et al. 2019), BAYES -T R E X is complementary to these efforts. Rather than altering the conﬁdence of a neural network, it instead infers examples of a particular conﬁdence.
If the model is overconﬁdent, it may return few, if any, samples with ambiguous predictions. At the same time, it may
ﬁnd many misclassiﬁcations with high conﬁdence. In our
experiments (Sec. 4.8), we discover that the popular adversarial discriminative domain adaptation (ADDA) technique
produces a more overconﬁdent model than the baseline.

3

2. Ambiguous between class i and j: pi = pj = 0.5,
p¬i,j = 0. We have


u1 |x ∼ N |f (x)i − f (x)j |, σ12 ,
(7)
u2 |x ∼ N (min(f (x)i , f (x)j ) − max f (x)k , σ22 ), (8)
k=i,j

u∗1 = 0, u∗2 = 0.5.

σ1 and σ2 are hyperparameters.
In addition, most high dimensional data distributions,
such as those for images, are implicitly deﬁned by a transformation g : Z → X from a latent distribution p(z). Consequently, given

Methodology

Given a classiﬁer f : X → ΔK which maps a data point
to the probability simplex of K classes, the goal is to ﬁnd
an input x ∈ X in a given data distribution p(x) such that
f (x) = p for some prediction conﬁdence p ∈ ΔK . We
consider the problem of sampling from the posterior
p(x|f (x) = p) ∝ p(x) p(f (x) = p|x).

x = g(z),
u|z ∼ N (f (x), σ ),
p(z|u = u∗ ) ∝ p(z)p(u = u∗ |z),

(1)

4

lim p(x|u = u ) = p(x|f (x) = p).

Experiments

4.1 Overview
A key strength of BAYES -T R E X is the ability to evaluate
a classiﬁer on any data distribution PD , independent of its
training distribution PC . We demonstrate the versatility of
BAYES -T R E X on four relationships between PD and PC
(Fig. 3). With PC = PD (Fig. 3(a)), Sec. 4.3 and 4.4 present
examples that trigger high and ambiguous model conﬁdence
and Sec. 4.5 presents examples that interpolate between two
classes. In Sec. 4.6, we consider PD with narrower support
than PC (Fig. 3(b)), where the support of PD excludes examples from a particular class. In this case, high-conﬁdence
examples—as judged by the classiﬁer—correspond to highconﬁdence misclassiﬁcations. In Sec. 4.7 and 4.8, we analyze the classiﬁer C for novel class extrapolation and domain adaptation behaviors with overlapping or disjoint supports of PC and PD (Fig. 3(c, d)). Representative results are
in the main text; further results are in the appendix.

(3)
(4)

The hyper-parameter σ controls the peakiness of the relaxed posterior. A smaller α makes it closer to the true posterior and makes the distribution peakier and harder to sample, while a larger α makes it closer to the data distribution
p(x) and easier to sample. As σ goes to 0, it approaches the
true posterior. Formally,
σ→0

(11)
(12)

BAYES -T R E X samples z according to Eqn. 12 and reconstruct the example x = g(z) for model inspection.

where σ is a hyper-parameter.
Instead of directly sampling from Eqn. 1, we can now
sample from the new posterior:

∗

(10)
2

A common approach to posterior sampling is to use
Markov Chain Monte-Carlo (MCMC) methods (Brooks
et al. 2011). However, when the measure of the level set
{x : f (x) = p} is small or even zero, sampling directly
from this posterior using MCMC is infeasible: the posterior
being zero everywhere outside of the level set makes it unlikely for a random-walk Metropolis sampler to land on x
with non-zero posterior (Hastings 1970), and the gradient
being zero everywhere outside of the level set means that a
Hamiltonian Monte Carlo sampler does not have the necessary gradient guidance toward the level set (Neal et al. 2011).
To enable efﬁcient sampling, we relax the formulation by
“widening” the level set and accepting x when f (x) is close
to the target p (Fig. 1). Speciﬁcally, we introduce a random
vector u = [u1 , . . . , uK ]T , distributed as


ui |x ∼ N f (x)i , σ 2 ,
(2)

p(x|u = u∗ ) ∝ p(x)p(u = u∗ |x),
u∗ = p.

(9)

Figure 3: Different relations between the classiﬁer training
distribution (PC , red) and BAYES -T R E X data distribution
(PD , yellow). (a) PC and PD are equal. (b) The support of
PD is a subset of that of PC . (c) PD and PC have overlapping
supports. (d) Supports of PC and PD are disjoint.

(5)

While the formulation in Eqn. 2 is applicable to arbitrary
conﬁdence p, the dimension of u is equal to the number of
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Model

Dataset

FID

VAE

MNIST
Fashion-MNIST

72.33
87.89

GAN

MNIST
Fashion-MNIST

11.83
29.44

(a) p5 Spheres = 95.7% (b) p2 Blue Sph. = 91.1%

Table 1: Fréchet Inception Distance (FID) for VAE and GAN
models trained on the entire dataset. A lower value indicates
higher quality. Appx. B presents the statistics for all models.

4.2

Datasets and Inference Details

We evaluate BAYES -T R E X on rendered images (CLEVR)
and organic datasets (MNIST and Fashion-MNIST). For all
CLEVR experiments, we use the pre-trained classiﬁer distributed by the original authors1 . The transition kernel uses
a Gaussian proposal for the continuous variables (e.g., xposition) and categorical proposal for the discrete variables
(e.g., color), both centered around and peaked at the current
value. For (Fashion-)MNIST experiments, architectures and
training details are described in Appx. A. For domain adaptation analysis, we train ADDA and baseline models using
the code provided by the authors2 .
CLEVR images are rendered from scene graphs, on which
we deﬁne the latent distribution p(z). Since the (Fashion)MNIST groundtruth data distribution is unknown, we estimate it using a VAE or GAN with unit Gaussian p(z).
These learned data distribution representations have known
limitations, which may affect sample quality (Arora and
Zhang 2017). Table 1 lists the Fréchet Inception Distance
(FID) (Heusel et al. 2017) for two VAE and GAN models,
with the full table in Appx. B. The FID scores show the
GANs generate more representative samples than the VAEs.
We consider two MCMC samplers: random-walk
Metropolis (RWM) and Hamiltonian Monte Carlo (HMC).
We use the former in CLEVR where the rendering function
is non-differentiable, and the latter for (Fashion-)MNIST.
For HMC, we use the No-U-Turn sampler (Hoffman and
Gelman 2014; Neal et al. 2011) implemented in the probabilistic programming language Pyro (Bingham et al. 2018).
We choose σ = 0.05 for all experiments. Alternatively, σ
can be annealed to gradually reduce the relaxation.
Selecting appropriate stopping criteria for MCMC methods is an open problem. State-of-the-art approaches require
a gold standard inference algorithm (Cusumano-Towner and
Mansinghka 2017) or speciﬁc posterior distribution properties, such as log-concavity (Gorham and Mackey 2015). As
neither of these requirements are met for our domains, we
select stopping criteria based on heuristic performance and
cost of compute (Appx. I). CLEVR requires GPU-intensive
rendering, so we stop after 500 samples. (Fashion-)MNIST
samples are cheaper to generate, so we stop after 2,000 samples. Empirically, we ﬁnd each sampling step takes 3.75 seconds for CLEVR, 1.18s for MNIST, and 1.96s for FashionMNIST, all on a single NVIDIA GeForce 1080 GPU.
1
2

(c) MNIST

(d) Fashion-MNIST

Figure 4: High-conﬁdence samples, which pass the smoke
test for CLEVR, MNIST, and Fashion-MNIST T-shirt,
trousers, pullover, and dress. More examples in Appx. C.

4.3 High Conﬁdence
As an initial smoke test, we evaluate BAYES -T R E X by ﬁnding highly conﬁdent examples. (Fashion-)MNIST data distributions are learned by GAN. Fig. 4 depicts samples on the
three datasets. Additional examples are in Appx. C.

4.4 Ambiguous Conﬁdence
Next, we ﬁnd ambiguous (Fashion-)MNIST examples for
which the classiﬁer has similar prediction conﬁdence between two classes, using data distributions learned by a
VAE. Fig. 5 shows ambiguous examples from each pair of
classes (e.g. 0v1, 0v2, ..., 8v9). Note the examples presented
are ambiguous from the classiﬁer’s perspective, though
some may be readily classiﬁed by a human. Not all pairs
result in successful sampling: for example, we were unable
to ﬁnd an ambiguous example with equal prediction conﬁdence between the visually dissimilar classes 0 and 7. These
ambiguous examples are useful for visualizing and understanding class boundaries; Appx. D presents a supporting
class boundary latent space visualization. Blended ambiguous examples have previously been shown to be useful for
data augmentation (Tokozume, Ushiku, and Harada 2018).
While these generated ambiguous examples may be similarly useful, we leave this exploration to future work.
BAYES -T R E X can also ﬁnd examples which are ambiguous across more than two classes; Fig. 6 presents samples
that are equally ambiguous across all 10 MNIST classes. All
these images appear to be very blurry and not very realistic.
This is intuitive: even for a human, it would be hard to write
a digit in such a way that it is equally unrecognizable across
all 10 classes. Details about the sampling formulation and
visualizations are presented in Appx. D.
In general, for ambiguous examples, we observed only
rare successes with data distributions learned by a GAN,
which generates sharper and more visually realistic images
than a VAE. There are two potential explanations:
1. GAN-distributions prevent efﬁcient MCMC sampling.

https://github.com/facebookresearch/clevr-iep
https://github.com/erictzeng/adda
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Figure 7: 0v1 ambiguous samples and conﬁdence plot with
the GAN distribution and always ambiguous classiﬁer. This
shows successful sampling and supports hypothesis 2.
bution. Given that the pre-trained classiﬁer only achieves
≈60% accuracy, the result suggests that the model is likely
overconﬁdent. Indeed, this has previously been observed in
similar settings (Kim, Ricci, and Serre 2018).

4.5 Conﬁdence Interpolation

Figure 5: Each entry of the matrix is an ambiguous MNIST
or Fashion-MNIST example for the classes on its row and
column. Blacked-out cells indicate sampling failures. Examples on the outermost edges of the matrix are representative
examples from each class (e.g., 0-9 for MNIST).

BAYES -T R E X can ﬁnd examples that interpolate between
classes. In Fig. 8, we show MNIST samples which interpolate from (P8 = 1.0, P9 = 0.0) to (P8 = 0.0, P9 = 1.0) and
Fashion-MNIST samples from (PT-shirt = 1.0, PTrousers =
0.0) to (PT-shirt = 0.0, PTrousers = 1.0) over intervals of 0.1,
with a VAE-learned data distribution.
The interpolation between two very different classes reveal insights into the model behavior. For example, the interpolation from 8 to 9 generally shrinks the bottom circle
toward a stroke, which is the key difference between digits 8 and 9. For Fashion-MNIST, the presence of two legs
is important for trousers classiﬁcation, even appearing in
samples with (pT-shirt = 0.9, pTrousers = 0.1) (second column). By contrast, a wider top and the appearance of sleeves
are important properties for T-shirt classiﬁcation. These two
trends result in most of the interpolated samples having a
short sleeve on the top and two distinct legs on the bottom.

Figure 6: Samples of uniformly ambiguous predictions.

4.6 High-Conﬁdence Failures

2. The classiﬁer rarely makes ambiguous predictions on
sharp and realistic images.
To experimentally evaluate the second explanation, we train
a classiﬁer to be consistently ambiguous between class i and
i + 1 for an image of digit i (wrapping around at 10 = 0)
using the following KL-divergence loss:
l(y, f (x)) = KL(py , f (x)),
(13)

0.5 i = y or i = (y + 1) mod 10,
py,i =
(14)
0
otherwise.

With neural networks being increasingly used for highstakes decision making, high-conﬁdence failures are one
area of concern, as these failures may go unnoticed. BAYES T R E X can ﬁnd such failures. Speciﬁcally, if the data distribution (Fig. 3(b)) does not include a particular class, then
the resulting high-conﬁdence examples correspond to highconﬁdence misclassiﬁcations for that class. For example, in
Fig. 9(a), the CLEVR classiﬁer is highly conﬁdent that there
is one cube though there is no cube in the image. In App. K,
the saliency map for Fig. 9(a) reveals that classiﬁer mistakes
the front shiny red cylinder for a cube. Removing this cylinder causes the conﬁdence to drop to 29.0%. In addition, such
high-conﬁdence failures can also be used for data augmentation to increase network reliability (Fremont et al. 2019).
For (Fashion-)MNIST, a GAN is trained on all data
sans a single class, resulting in the learned data distribution excluding the given class. Figs. 9(c) and 9(d) depict
high-conﬁdence misclassiﬁcations for digits 0-4 in MNIST
and sandal, shirt, sneaker, bag, and ankle boot in Fashion-

Using this classiﬁer, we sample ambiguous examples for
0v1, 1v2, ..., 9v0. Sampling succeeds for all ten pairs, even
when using the same GAN model that rarely succeeded in
the prior experiment. Fig. 7 presents the 0v1 samples and
predicted conﬁdence by this modiﬁed classiﬁer, and the remaining pairs are visualized in Appx. E. Given this sampling
success, we conclude that the second explanation is correct.
BAYES -T R E X is also unable to generate ambiguous examples for CLEVR with the manually deﬁned data distri11427

(b) p2 Cylinders = 90.2%

(c) MNIST

(d) Fashion-MNIST

Figure 9: High conﬁdence classiﬁcation failures. (a):
CLEVR, 1 Cube. Note that no cube is present in the sample.
(b): CLEVR, 2 Cylinders—again, containing no cylinders.
(c) MNIST failures for digits 0-4. 0s are composed of 6s;
1s of 8s; 2s of 0s, and so on. (d) Fashion-MNIST failures
for sandal, shirt, sneaker, bag, and ankle boot. Additional
examples are presented in Appx. F.

Figure 8: Conﬁdence interpolation between digit 8 and 9
for MNIST and between T-shirt and trousers for FashionMNIST. Each of the 11 columns show samples of conﬁdence ranging from [pclass a = 1.0, pclass b = 0.0] (left) to
[pclass a = 0.0, pclass b = 1.0] (right), with an interval of 0.1.
Some conﬁdence plots for MNIST are shown in the middle.

classiﬁers on digits 0, 1, 3, 6, 9 and pullover, dress, sandal, shirt and ankle boot classes. We train GANs using only
the excluded classes (e.g., digits 2, 4, 5, 7, 8 for MNIST).
Using these GANs, we ﬁnd examples where the classiﬁer
has high prediction conﬁdence, as shown in Fig. 10 (c, d).
For MNIST, there are few reasonable extrapolation behaviors, most likely due to the visual distinctiveness between
digits. By comparison, some Fashion-MNIST extrapolations
are expected, such as confusing the unseen sneaker class for
sandals and ankle boots. However, the classiﬁer also conﬁdently mistakes various styles of bags as sandals, shirts, and
ankle boots. App. G contains additional visualizations.

MNIST, respectively. By evaluating these examples, we can
assess how well human-aligned a classiﬁer is. For example,
for MNIST, some thin 8s are classiﬁed as 1s and particular
styles of 6s and 9s are classiﬁed as 4s. These results seem
intuitive, as a human might make these same mistakes. Likewise, for Fashion-MNIST, most failures come from semantically similar classes, e.g. sneaker ←→ ankle boot. Less intuitively, however, chunky shoes are likely to be classiﬁed as
bags. Additional visualizations are presented in Appx. F.

4.7

(a) p1 Cube = 93.5%

4.8 Domain Adaptation

Novel Class Extrapolation

Finally, we use BAYES -T R E X to analyze domain adaptation behaviors. We reproduce the SVHN (Netzer et al. 2011)
→ MNIST experiment studied by Tzeng, et al. (2017). We
train two classiﬁers, a baseline classiﬁer on labeled SVHN
data only, and the ADDA classiﬁer on labeled SVHN data
and unlabeled MNIST data. Indeed, domain adaptation improves classiﬁcation accuracy: 61% for the baseline classiﬁer on MNIST vs. 71% for the ADDA classiﬁer.
But is this the whole story? To study model performance
in the high-conﬁdence range, we use BAYES -T R E X to generate high-conﬁdence examples for both classiﬁers with the
MNIST data distribution learned by GAN, as shown Fig. 11.
It appears the ADDA model makes more mistakes in these
images—for example, in the 2nd column in Fig. 11(b), all
images where the classiﬁer is highly conﬁdent to be 1 are
actually 0s. To further study this, we hand-label 10 images
per class and compute the classiﬁer accuracy on them. Table 3 shows the accuracy per digit class, as well as the over-

It is important to understand the novel class extrapolation
behavior of a model before deployment. For example, during training an autonomous vehicle might learn to safely operate around pedestrians, cyclists, and cars. But can we predict how the vehicle will behave when it encounters a novel
class, like a tandem bicycle? BAYES -T R E X can be used to
understand such behaviors by sampling high-conﬁdence examples with a data distribution that contains novel classes,
while excluding the true target classes (Fig. 3(c, d)).
For CLEVR, we add a novel cone object to the data distribution and remove the existing cube from it. We sample images that the classiﬁer is conﬁdent to include cubes,
shown in Fig. 10 (a, b). A saliency map analysis in Appx. K
conﬁrms that the classiﬁer indeed mistakes these cones for
cubes. In Appx. G, we assess CLEVR’s novel class extrapolation for cylinders and spheres, and similarly show the
model readily confuses cones for these classes as well.
For MNIST and Fashion-MNIST, we train the respective
11428

(a) p1 Cube = 98.5%

(b) p5 Cubes = 92.5%

(c) MNIST

(d) Fashion-MNIST

Target

A

M
F
C

p4 = 1
pCoat = 1
p2 Blue Sph. = 1

B

M
F

p1 = p7 = 0.5
p0 = p3 = 0.5

0.49, 0.49 ± .02, .03
0.48, 0.48 ± .02, .02

C

M
F

p8 , p9 = 0.6, 0.4
p0 , p1 = 0.2, 0.8

0.58, 0.37 ± .04, .04
0.17, 0.79 ± .04, .04

D

M
F
C

p8 = 1
pBag = 1
p1 Cube = 1

0.98 ± .02
0.97 ± .03
0.93 ± .06

E

M
F
C

p6 = 1
pSandal = 1
p1 Cylinder = 1

1.00 ± .01
1.00 ± .01
0.96 ± .03

F

M

p5 = 1

1.00 ± .01

Base
DA

all accuracy. This analysis conﬁrms the baseline model is
more accurate than the ADDA model on these samples, suggesting that ADDA is more overconﬁdent than the baseline.
While this result does not contradict the higher overall accuracy of ADDA, it does caution against deploying such domain adaptation models without further inspection and conﬁdence calibration assessment.

Prediction Conﬁdence
1.00 ± .01
0.98 ± .02
0.89 ± .25

0

1

2

3

4

5

6

7

8

9

All

1
.9

.6
0

1
.8

.7
.9

.5
.2

.9
1

.9
.8

.7
1

1
1

.7
.6

.8
.72

Table 3: Per-digit and overall accuracy among highconﬁdence MNIST samples for the baseline and domain
adaptation (DA) models. While DA has higher overall accuracy (0.71 vs. 0.61), it performs worse on high-conﬁdence
samples (0.72 vs. 0.80). This suggests overconﬁdence.

Quantitative Evaluation
High-Conﬁdence Failures We collect and inspect highly
conﬁdent test set misclassiﬁcations (conﬁdence ≥ 85%).
For CLEVR, out of 15, 000 test images, the baseline discovers between 0 and 15 examples for each target. Notably,
there are no 2-cylinder misclassiﬁcations in the test set, but
BAYES -T R E X successful generated some (Fig. 9(b)).
From the 10,000 test examples in (Fashion-)MNIST, 84
MNIST images and 802 Fashion-MNIST images were conﬁdently misclassiﬁed. Upon closer inspection, however, we
ﬁnd that the a large fraction of the failures are actually due
to mislabeling, rather than misclassiﬁcation. We manually
relabel all 84 MNIST misclassiﬁcations and ten FashionMNIST misclassiﬁcations per class, except for the trousers
class which only has 3 misclassiﬁations. We ﬁnd that the 60
out of 84 MNIST images 42 out of 93 Fashion-MNIST images are mislabeled, rather than misclassiﬁed.
Table 4 gives detailed statistics of the number of genuinely misclassiﬁed examples. Given the scene graph data
representation, all CLEVR misclassiﬁcations are genuine.
Table 5 visualizes some misclassiﬁed vs. mislabeled images,
with additional classes in Appx. J. Identifying mislabeled
examples may be useful for correcting the dataset, but is not
for our task of model understanding.

We quantitatively evaluate the quality of BAYES -T R E X
samples by assessing whether the classiﬁer’s prediction conﬁdence matches the speciﬁed target on the generated examples. Table 2 presents the mean and standard deviation of
the conﬁdence on a selection of representative settings, and
Appx. I lists the full set of such evaluations. The prediction conﬁdences are tightly concentrated around the targets,
demonstrating sampler success.

4.10

Data

Table 2: Mean and standard deviation of the sample prediction conﬁdences. Tests are A: high conﬁdence, B: ambiguous, C: interpolation, D: misclassiﬁcations, E: novel classes,
and F: domain adaptation. Data are M: MNIST, F: Fashion,
C: CLEVR. Fashion-MNIST classes 0-9 correspond to Tshirt, trousers, pullover, dress, coat, sandal, shirt, sneaker,
bag and ankle boot. See Appx. I for full statistics.

Figure 10: Novel class extrapolation examples. (a, b): For
CLEVR, the novel cone objects are mistaken for cubes. (c,
d): For (Fashion-)MNIST, we train classiﬁers on subsets of
the data (digits 0, 1, 3, 6, 9 and pullover, dress, sandal, shirt,
and ankle boot), and train GANs with the excluded data.
Samples for which the classiﬁer is highly conﬁdent (≈ 99%)
in several target classes are shown (e.g., targets 0, 1, and 9
for MNIST). Additional examples are presented in Appx. G.

4.9

Test

Test-Set Comparison

Standard model evaluations are typically performed on the
test set. While inspecting test set examples is not an applesto-apples comparison for all BAYES -T R E X use cases (e.g.
domain adaptation), we study the comparable ones.
Ambiguous Conﬁdence We ﬁnd ambiguous examples in
the (Fashion-)MNIST datasets where the classiﬁer has conﬁdence in [40%, 60%] for two classes. Out of 10,000 test examples on each dataset, we ﬁnd only 12 MNIST examples
across 10 class pairings, and 162 Fashion-MNIST examples
across 12 pairings, as shown in Fig. 12. By comparison,
BAYES -T R E X found ambiguous examples for 38 MNIST
pairings and 28 Fashion-MNIST pairings (cf. Fig. 5).
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(a) Baseline examples

(b) ADDA examples

Figure 11: High conﬁdence examples for baseline and
ADDA models, classes 0 to 9, showing more misclassiﬁcations for the ADDA model. More examples in Appx. H.
CLEVR
28/28

Cls.
#

MNIST
24/84

1 Sph.
5
Cls. 0 1 2
#
3 3 0

1 Cube
8
3 4
5 3

1 Cyl.
15
5 6 7
1 3 4

2 Cyl.
0
8
9
0
2

Fashion
51/93

Cls. 0
#
2

3
4

5
1

8
1

1
0

2
9

4
9

6
3

7
2

Figure 12: Ambiguous examples from the (Fashion-)MNIST
test sets. Compared to those found by BAYES -T R E X in
Fig. 5, test set examples have much poorer coverage.
Class
0

9
10

Images

Misclass.
Mislabeled

Table 4: Number of genuine high-conﬁdence misclassiﬁcations from test sets. Counts for CLEVR and MNIST are for
the entire test set; counts for Fashion-MNIST are for ten random high-conﬁdence misclassiﬁcations per class, except for
trousers which only has 3 total misclassiﬁcations.

1

Misclass.
Mislabeled

2

Novel Class Extrapolation In Sec. 4.7 analysis, we ﬁnd
that the model mistakes some bags for ankle boots. Interestingly, this propensity is not evident from test set evaluations: the test set confusion matrix in Appx. J shows that no
bags are misclassiﬁed as ankle boots. This provides further
evidence of the value of holistic evaluations with BAYES T R E X, beyond standard test set evaluations.

5

Cause

Trouser

Bag

Misclass.

∅

Mislabeled
Misclass.

∅

Mislabeled
Misclass.
Mislabeled

Table 5: High conﬁdence misclassiﬁcations from the test set.
The majority are due to incorrect ground truth labels, not
classiﬁer failures. Full table of all classes in Appx. J.

Discussion

BAYES -T R E X is a Bayesian inference approach for generating examples that trigger speciﬁed target predictions and so
provide insight into model behaviors. These examples can
be further analyzed with downstream interpretability methods (Fig. 2 and Appx. K). To make BAYES -T R E X easier for
model designers to use, future work should develop methods
to cluster and visualize trends in the generated examples, as
well as to estimate coverage of the level set.
For organic data, the underlying data distributions can be
learned with VAEs or GANs. These have known limitations
in sample diversity (Arora and Zhang 2017) and are computationally expensive to train, especially for high resolution
images. In principle, BAYES -T R E X is agnostic to the dis-

tribution learner form and can beneﬁt from future research
in this area. In practice, BAYES -T R E X is currently limited to
low dimensional latent spaces, as applying MCMC sampling
to high dimensional latent spaces is an open problem.
Finally, while we analyzed only classiﬁcation models
with BAYES -T R E X, it also has the potential for analyzing
structured prediction models such as machine translation or
robotic control. For these domains, dependency among outputs would need to be explicitly taken into account. We plan
to extend BAYES -T R E X to these areas in the future.
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