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Abstract

In many applications, machine-learned (ML) models are
required to hold some invariance qualities, such as rota-
tion, size, and intensity invariance. Among these, testing for
background invariance presents a significant challenge due
to the vast and complex data space it encompasses. To eval-
uate invariance qualities, we first use a visualization-based
testing framework which allows human analysts to assess
and make informed decisions about the invariance proper-
ties of ML models. We show that such informative testing
framework is preferred as ML models with the same global
statistics (e.g., accuracy scores) can behave differently and
have different visualized testing patterns. However, such
human analysts might not lead to consistent decisions with-
out a systematic sampling approach to select representative
testing suites. In this work, we present a technical solution
for selecting background scenes according to their seman-
tic proximity to a target image that contains a foreground
object being tested. We construct an ontology for storing
knowledge about relationships among different objects us-
ing association analysis. This ontology enables an efficient
and meaningful search for background scenes of different
semantic distances to a target image, enabling the selection
of a test suite that is both diverse and reasonable. Com-
pared with other testing techniques, e.g., random sampling,
nearest neighbors, or other sampled test suites by visual-
language models (VLMs), our method achieved a superior
balance between diversity and consistency of human anno-
tations, thereby enhancing the reliability and comprehen-
siveness of background invariance testing.

1. Introduction
There are a variety of invariance qualities associated with
machine-learned models. Testing these invariance qualities
enables us to evaluate the robustness of a model in its real-
world application, where the model may encounter varia-
tions that do not feature sufficiently in the training and test-
ing data. Testing also allows us to observe possible biases or
spurious correlations that may have been learned by a model

Figure 1. The four sets of points, i.e., the Anscombe’s quartet [36],
have exactly the same statistical measures, e.g., mean, standard de-
viation, correlation, etc. However, they are differently distributed.
Visualization-based approaches are often more informative than
statistical scores for illustrating data distributions.

Figure 2. Random sampling leads to inconsistent visual represen-
tations across different testing runs, making visualization-based
testing frameworks or human-centric testing methods inconsistent.
We show the proposed testing framework leads to more consistent
testing patterns in Appendix B4.

[39] and to anticipate whether the model can be deployed
in other application domains [38]. This work is concerned
with background invariance testing – a relatively challeng-
ing type of testing.

When considering invariance qualities of an ML model,
most existing works reported a single averaged worst-case
accuracy, e.g., [15, 40]. However, as shown in Figure 1, typ-
ical statistical measures, e.g., mean, cannot informatively
characterize how the data are distributed. In machine learn-
ing (ML), while averaged accuracy scores can provide an
overall statistical indication of the invariance quality, they
do not support more detailed analysis such as whether the
level of robustness or biases is acceptable in an applica-
tion by taking into account the probabilities of the variants,
for example different background scenes. To transform the
problem of invariance testing from simply reporting an ac-
curacy score into a more informative multi-factor decision-
making process, recent work [12, 25] conducted testing for
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Figure 3. Research questions: to utilize informative visualization-based techniques for background invariance testing, this paper focused
on: 1) are the selected testing examples diverse, and 2) are the resultant human decisions (based on the visual patterns) consistent.

basic invariance qualities, e.g., rotation etc, based on visual
matrices (formed using all testing results). In this work, we
show that ML models with the same accuracy and worst-
case accuracy score can exhibit different visualized testing
patterns. Therefore, we believe a visualization-based testing
framework is preferred to conduct more informative tests.

However, visualization-based testing frameworks often
rely on human judgment of visualized patterns. When
working with a vast data space, selecting only a small subset
for evaluation without a systematic sampling strategy can
result in inconsistent test-example selections across differ-
ent runs. This inconsistency leads to shifting visual patterns
and unstable human judgments, as illustrated in Figure 2.
Conversely, a sampling strategy that favors a specific type of
test case may yield more consistent human judgments but at
the cost of reduced diversity in the test suite. To effectively
leverage visualization-based testing (more informative) for
background invariance, this paper aims to balance the trade-
off between test data diversity and judgment consistency (as
shown in 3). Our contributions are:

a. We qualitatively confirm that the visualization-based test-
ing method is more informative by showing that ML mod-
els with the same averaged worst-case accuracy score can
behave differently (i.e., different visual patterns).

b. We qualitatively confirm that the visualization-based test-
ing method suffers from trade-offs between diversity of
testing suites and consistency between human decisions.

c. To overcome the trade-off, we introduce an algorithm to
search for n desired background scenes based on the se-
mantics encoded in each original image using association
ontology.

d. We quantitatively prove that our testing approach is the
most balanced between diversity (recall) and consistency
(precision) with the highest f1 score, compared with other
testing methods.

e. We show that the proposed background invariance testing
based on visual representations can be fully automated.

2. Related Works
Invariance qualities of ML models have been studied for a
few decades. In recent years, invariance testing has become

a common procedure in invariant learning [2, 6, 34]. Among
different invariance qualities, background invariance is at-
tracting more attention. In the literature, several types of
variations were introduced in background invariance test-
ing, e.g., by replacing the original background with random
noise, color patterns, and randomly selected background
images. In this section, firstly, we introduce existing at-
tempts, followed by an introduction to other techniques that
are used in this work to help conduct background invariance
testing.

Rosenfeld, et al. [33] tested object detection models by
transforming the original background to random noise or
black pixels. They reported that all tested models failed to
perform correctly at least in one of their testing cases. Sim-
ilarly, others, e.g., [4, 5, 42], replaced parts of the images
with black or gray pixels for foreground invariance testing.
[8] noticed that the association between a foreground ob-
ject and its background scene affected object recognition
and described such association as “consistency”. Lauer
and Cornelissen [20] tested different models with consis-
tent and inconsistent backgrounds, while using the term
“semantically-related” to describe consistent association. In
particular, they used color texture to replace the original
background of the target image and controlled the incon-
sistency using a parameterized texture model [32]. Sev-
eral researchers experimented with swapping background
scenes in studying background invariance, e.g., [8]. Xiao,
et al. [40] provided the Background Challenge database by
overlaying a foreground object to all extracted backgrounds
from other images. To prepare models (to be tested), they
also provided a smaller version of ImageNet with nine
classes (IN9). In this work, we train a small repository of
models on IN9, i.e., the models being tested in this work
were trained for image classification.

To test deep models, an ideal testing suite should trig-
ger as many neurons as possible. Pei et al. [31] defined the
percentage of neurons triggered by a testing suite as the neu-
ron coverage rate of the testing suite. Recent studies utilize
coverage-based fuzzing techniques to find a testing suite
that triggers more potential “bugs” for an ML model, e.g.,
TensorFuzz [28] and DeepHunter [41]. In this work, we
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Figure 4. The upper part of the figure shows the invariance testing framework for simple data attributes, e.g., rotation, where the transfor-
mations for invariance testing are uniformly sampled. As the transformations for background invariance testing cannot be easily sampled
in a consistent way, we introduce a new sub-workflow (lower part) with an additional set of technical components to enable non-uniform
sampling of such transformations. This sub-workflow is detailed in Section 4 Methodology. All the trained models and datasets are avail-
able at https://github.com/Zukang-Liao/background_invariance_testing.

adopt the most commonly used neuron coverage rate [31] to
evaluate the synthesized testing images; Higher neuron cov-
erage rates indicate more diverse testing images [19]. For
these reasons, in this work, we use neuron coverage rate to
indicate how diverse and comprehensive a testing suite is.

More recent works on invariance testing found that aver-
aged accuracy scores are not informative enough to judge
the performance of ML models [7, 9]. Instead, visual-
ized representations are becoming more popular for con-
ducting more informative tests and analyses. For example,
Engstrom et al. [12] used 3D heatmaps to analyze the trans-
lation/rotation invariance qualities. Liao et al. [25] used
visualization to depict different model behaviors for which
statistics cannot. Liao and Cheung [23] showed that ana-
lyzing the invariance qualities based on visualized patterns
can achieve a higher inter-rater reliability (IRR) score than
many NLP tasks, confirming the plausibility of conducting
invariance testing based on visual patterns. In this work,
we show that our visualization-based background invari-
ance testing framework can lead to a satisfactory IRR score
with the assistance of our novel technical components, e.g.,
ontology built on association analysis.

3. Definition, Overview, and Motivation
Let xi be the ith image in a dataset D, oi be the foreground
object in xi, and M be an ML model trained to recognize
or classify oi from xi. In general, the invariance quality of
M characterizes the ability of M to perform consistently
when a type of transformation is applied to xi. For ex-
ample, one may apply a sequence of rotation transforma-
tions yi,j = R(x, j�), j = 0, 1, . . ., and test M with the
newly transformed/generated testing images of yi,j . When
the testing results can easily be sampled and organized, the

visual patterns can facilitate detailed human analysis, e.g.,
whether the level of robustness or biases is acceptable when
taking into account the probabilities of the variants.

The background invariance quality characterizes the
ability of M in recognizing oi when it is with different
backgrounds. Hence the transformations of xi involve the
replacement of the original background in xi with different
background scenes b1,b2, . . . ,bn. The transformations:

yi,j = Maski~xi+(1�Maski)~bj , j = 1, 2, . . . , n (1)

where Maski ~ xi = oi. However, selecting a meaningful
and suitable testing suite from an enormous data space is
difficult. Therefore, background invariance testing is often
carried out based on random selection, resulting in mean-
ingless visual representations and unreliable human judg-
ments (Figure 2). If we can find a way to consistently
produce visual representations for the testing results from
background transformations, we should be able to conduct
visual analysis and the judgment on the background invari-
ance qualities should be consistent and reliable. This moti-
vates us to address the following challenges:
1. to have an effective way to search for background scenes

that will be distributed appropriately to form meaningful
visualized testing results.

2. to show that the selected background scenes are diverse,
broad, and representative.

3. to show that the visual representations are meaningful
and the judgments based on them are reliable.

4. to show that such testing procedure can also be au-
tomated, therefore it becomes less labor-intensive and
more time-efficient.
In this work, we introduce a number of technical com-

ponents (lower part of Figure 4) to address the aforemen-
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Figure 5. An example image has only two keywords detected by a pre-trained scene understanding model, namely {sky, tree}. Using an
ontology, more keywords can be discovered iteratively, increasing the number and diversity of background scenes.

tioned challenges. Once these challenges are addressed,
background invariance testing can be improved from report-
ing a single average accuracy score to a consistent and reli-
able judgment based on tailored visual representations.

4. Methodology
In this section, we follow the pathways in the lower part
of Figure 4 to describe a series of technical solutions for
enabling background invariance testing with non-uniform
sampling of the transformations of the original images.

4.1. To Obtain Detected and Expanded Keywords
In prior works, background candidates were sampled ran-
domly, leading to inconsistent visual representations. In this
work, we introduce a systematic sampling approach to ob-
tain background testing candidates. Firstly, we use a scene
understanding model and association analysis to build an
ontology. We then use the ontology to retrieve indirectly
relevant keywords to the original images. Finally, with a set
of detected and expanded keywords, keyword-based sam-
pling is used to obtain background testing candidates.

4.1.1. Detected Keywords (Scene Understanding)
From each testing image, a scene understanding model
identifies a set of objects that are recorded as a set Ka of
keywords. Using the keywords extracted from each image,
multiple keywords can be identified for most images, but in
many cases, fewer than 3 keywords were detected. We list
the statistics in Figure 9 and show some examples in Figure
18 in the Appendix A. To select a suitable (non-random)

testing suite that contains rich semantics, it is desirable to
consider not only the original keywords, but also other key-
words that are related to the detected keywords.

4.1.2. Expanded Keywords: Association Ontology
To consider indirectly relevant keywords to the original test-
ing image, we built an ontology using association analysis,
i.e., Apriori algorithm [1] and Frequent Pattern Growth al-
gorithm [16]. Given a set of all possible keywords Kall
that can be extracted from all images in a dataset B, the
level of association between two keywords ka and kb can
be described by support and confidence. For three itemsets:
sa = {ka}, sb = {kb}, and sab = {ka, kb}, the support for
the itemset sab is defined as:

support(sab) =
number of images where sab is present

total number of images

which indicates the co-occurrence rate of ka and kb.
An association rule from one itemset to another, denoted

as 9sa ! 9sb, is defined as confidence:

confidence(9sa ! 9sb) =
support(sa

S
sb)

support(sa)
(2)

which indicates the confidence level about the inference that
if the object of keyword ka appears in a scene, the object of
keyword kb could also appear in such a scene. Similarly,
we can compute confidence(9sb ! 9sa). For some non-
hierarchical specific keyword, the value of support(s1,2) is
usually tiny, and is more easily changed by the increase of
images in the repository, the introduction of more keywords,
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Figure 6. We can sample background scenes based on: 1) similarity/distance metrics, or 2) keywords. When sampling one instance from
each subspace, we choose the first one leads to a higher realness score defined by [14] than a threshold.

and the improvement of scene understanding techniques.
We therefore use confidence as the weights (directed edges)
in our ontology.

In the ontology, the shortest path between two keywords
indicates the level of association between them, typically
facilitating two measures, i) the number of edges along the
path (i.e., hops) and ii) an aggregated weight, e.g.,

Qh
i wi=1

or min(0, w1�
Ph

i=2(1�wi)↵i(↵i � 1)). As illustrated in
Figure 5, nodes represent keywords, and an edge between
two nodes indicates that two keywords have been detected
from the same image at least once. The weight on the
edge indicates how strong is the association between the
two keywords. The ontology is typically constructed in a
pre-processing step by training association rules using the
extracted keywords for all images in a dataset.

A set of keywords Kx extracted by a scene understand-
ing model can be used to search for background scenes with
at least one of the matching keywords k 2 Kx. When
there are many keywords in Kx, search based on original
keywords can work very well. However, as exemplified
in Figure 5(top), when an image has only two keywords,
the search will likely yield a small number of background
scenes, undermining the statistical significance of the test.

To address this issue, we expand the keyword set Kx

by using the ontology that has acquired knowledge about
keyword relationships in the preprocessing stage. As il-
lustrated in Figure 5, the initial set Kx has keywords [sky,
tree]. The ontology shows that {Sky, Tree} are connected
to {Earth, Field Road, Botanic Garden, Vegetable Garden,
Water}, which form the level 1 expansion set E1,x. Sim-
ilarly, from E1, the ontology helps us to find the level 2
expansion set E2,x, and so on. The set of all keywords after
i-th expansion is:

OLx[i] = Kx [
✓ i[

j=1

Ei,x

◆
(3)

4.2. To Synthesize/Generate Testing Images
For an original image, with a set of keywords (detected and
expanded), one can synthesize testing images by i) genera-
tive blending, or ii) simple background replacement Eq. 1.
In this work, we use the latter to avoid unwanted foreground
objects. We guarantee that no foreground objects will ap-
pear in any background scene by carefully selecting the
dataset of the background candidates.

4.2.1. Background Scenes Sampling
Given a target image x, to test if an ML model is
background-invariant, we need to sample a set of back-
ground scenes that can be used to replace the original back-
ground in x while maintaining the foreground object o. As
shown in Figure 6, to replace random sampling, we can
sample background scenes based on: a1) cosine/l2 distance
between embeddings of the original image and testing im-
ages, or a2) keywords. When (randomly) sampling one in-
stance from a subspace defined by b1) a distance interval
(bin), or b2) background scenes containing a certain key-
word, we run the Dreamsim [14] model to select the first
background scene that leads to a testing image with a higher
realness score than a threshold. In Section 5, we quantita-
tively show that keyword-based sampling is the most bal-
anced between diversity and reliability.

4.2.2. Simple Background Replacement
To test ML models that were trained to recognise or clas-
sify foreground objects, any background scenes containing
any of the foreground objects should not be used. For this
reason, we did not use generative algorithms to do the back-
ground replacement. We show some generated testing im-
ages using the latest generative model (blended latent dif-
fusion [3]) in Figure 7. Some generated images include
foreground objects due to unwanted biases, e.g., fish in the
sea. This will affect the models’ behaviors in an uncon-
trolled way. Furthermore, running large generative models

8060



Figure 7. Background invariance testing images generated by the blended diffuse model [3] (first row), and synthesized by simple back-
ground replacement (a segmentation model [44], second row). The generated images can be more realistic, i.e., smooth blending. However,
generative models can include unwanted biases, e.g., fish in the sea and insect on a flower, both of which are one of the nine foreground
objects that the original models (to be tested) were trained to classify.

can be computationally expensive, taking hours to generate
one testing image. For these two reasons, we use simple
background replacement Eq. 1 together with image blend-
ing using Laplacian pyramids [30] to remove some artifacts.

4.3. To Analyse Testing Results
After we have synthesized testing images, we can 1) evalu-
ate the diversity of the testing suite, 2) visualize the testing
results to analyse the target ML model, and 3) examine if
human judgements and decisions based on the visualized
testing results are consistent and reliable.

4.3.1. Diversity of Selected Testing Images
We evaluate the diversity and comprehensiveness using the
neuron coverage rate [31] (percentage of triggered neurons)
which has been commonly used to evaluate the extensive-
ness of a testing suite for ML models [28, 41]. A lower
neuron coverage rate often indicates monotonicity, whereas
a higher coverage rate often indicates that the testing suite
is sufficiently diverse, engaging a broad spectrum of the tar-
geted ML model’s internal structures [18, 19].

4.3.2. Visualization of Testing Results
When we test an ML model M (trained for image classifi-
cation) against the testing images, we can measure the re-

sults and intermediate results of M in many different loca-
tions. To reduce the number of locations (neurons) to be
tested, we select the final predictions (confidence scores),
and the embeddings after the final pooling layer. For back-
ground invariance testing, we can further reduce the number
of neurons to be tested by utilizing the mask of the fore-
ground objects. We feed the foreground-only image oi into
M, and obtain the top k neurons in the embedding layer.
For these top k neurons, we can investigate each of them or
their statistics, e.g., mean or max. After we have decided the
testing positions ps, and we can collect the response signal
from M given a testing image yi,j , we denote the response
signal as S(M, ps,yi,j).

Meanwhile, we measure the semantic distance between
each testing image yi,j and the original image xi using an
ensemble of ViT, CLIP, ResNet, and VGG models, which
was designed for semantic image similarity [22]. Consider
two different testing images yi,j and yi,k and their corre-
sponding semantic distances to xi as di,j and di,k. The dif-
ference between their numerical measures

vj,k = dif(S(M, ps,yi,j), S(M, ps,yi,k)) (4)

indicates the variation between the two testing results. As
the variation corresponds to positions di,j and di,k, this
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Figure 8. We show four trained ML models on IN9 dataset have
different visualized testing results (of the same test run) even
though they have the same accuracy score and worst-case accu-
racy score (averaged). We analyse these patterns in Section 5.1.

gives us a 2D data point at coordinates pj,k = (di,j , di,k)
with data value vj,k. When we consider all the testing re-
sults for all yi,1,yi,2, . . . ,yi,n as well as xi, there is point
cloud with n(n+ 1) data points in the context of xi.

When we combine the testing results for all l targeting
images, we have a point cloud with ln(n + 1) data points,
which can be visualized as scatter plots. To overcome the
visualization problem of overlapping glyphs for dense ar-
eas, we adopted a common approach of radial basis func-
tions (RBF) to transform point clouds (left column in Fig-
ure 8) into a variance matrix (right column in Figure 8). We
detailed the adjusted RBF algorithm in Appendix D.

4.3.3. Human Decisions and Annotations
For one targeted ML model, based on the visualized test-
ing results, we ask three ML practitioners to annotate if the
model is: a) background invariant, b) borderline, or c) not
invariant. For a model repository of 250 ML models, we
evaluate the reliability and consistency of the human anno-
tations by the inter-rater reliability [11] (IRR) between the
three annotators.

4.3.4. Comparing Different Testing Methods
Although retrieving all similar background candidates to the
original image xi could lead to a high consistency (IRR) of
human annotations, it might not always be desired because
the selected testing suite will only include similar scenarios.
The ideal selected testing method should include:
• diverse and comprehensive testing suites (recall).
• consistent and reliable human judgements (precision).
In this work, we compare different testing methods, includ-
ing 1) different background candidate sampling approaches
(random, interval, or keyword-based), and 2) different key-
word selection approaches (association ontology or vision
language models, e.g., CLIP), by reporting f1 scores. We
show that our method (keyword-based sampling using on-
tology) is the most balanced between diverse testing suites
and reliable human judgements, leading to the best f1 score.

5. Experiments
To prepare ML models to be tested, we train a small repos-
itory of 250 models on the IN9 database (a smaller Im-
ageNet with only nine classes) [40]. To guarantee that
no foreground objects would appear in our testing im-
ages, we use the BG-20k [21] database with 20,000 back-
ground scenes as all the background candidates. We se-
lect N = 32 background scenes for each target image, and
retrieve background scenes using the keyword-based sam-
pling or distance-based sampling methods described in Sec-
tion 4.2.1. We show that similar results can be found when
N = 50 or N = 100 in Appendix B.

For each model, we measure the signals at two posi-
tions, including the final predictions (confidence score) and
the embedding layer (after the final pooling layer, or the
last layer before the final MLP for Vision Transformers), as
these two positions are considered the most important and
interesting by our annotators. For the embedding layer, we
choose a) the average value of the top 3 neurons triggered
by foreground-only images, b) the maximum value, and c)
the average value. This leads to one scatter plot for the con-
fidence score and three scatter plots from the embedding
layer. For each model, we provide professional annotations
based on the visualized testing results with three quality lev-
els, namely, 1) not invariant, 2) borderline, and 3) invariant.
In Appendix C, we show the statistics of the model reposi-
tory, as well as a questionnaire and more details on the an-
notation process.

5.1. Worst-case Accuracy versus Visual Analysis
We first confirm that visualization-based testing is more in-
formative than global statistics. We show that the visual-
ized performance (variance matrices) of four models can be
very different even though they have the same (worst-case)
accuracy score in Figure 8. The patterns of Ma suggest
that Ma gives wrongly predicted testing images high confi-
dence scores, and the outputs of the top-3 neurons triggered
by foreground-only images are not consistent, which indi-
cates that Ma might rely more on the background to make
its decisions instead of the foreground objects. The abrupt
green pattern at the top-left for Mc might be a signal of data
leakage which needs further examination before being de-
ployed. The yellow pattern on the edges of Mb suggests
that Mb treats a few of testing images differently from the
others. This could suggest that Mb might be sensitive to the
presence of certain objects. For these reasons, our three an-
notators labelled Ma and Mc as failed, Mb as borderline,
and Md as passed. These four models have the same sta-
tistical evaluation scores (worst-case accuracy) whilst their
visualized testing results can yield different judgements on
their invariance qualities. To consolidate if we can use
such visualization-based testing framework for background
invariance testing, we evaluate 1) how diverse the testing
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Table 1. Consistency, Reliability and Comprehensiveness Level of Different Background Invariance Testing Approaches

Random
Sampling

Distance-based Sampling Keyword-based Sampling
Nearest Top K Interval (bin) CLIP Ontology (Ours)

Neuron Coverage (recall) [31] 0.681 0.133 0.667 0.591 0.652
Fleiss’ reliability (precision) [13] 0.384 0.906 0.531 0.640 0.649
F1 score 0.491 0.232 0.591 0.615 0.650

suites are, and 2) how consistent the human annotations are.

5.2. Comparisons Between Testing Methods
Human judgements of invariance qualities based on visual-
ized testing results might vary across different testing runs.
Therefore, we evaluate whether a testing method is desired
based on: 1) diversity – neuron coverage rate (recall), and 2)
consistency – inter-rater reliability (IRR) score (precision)
as discussed in Section 4.3. Neuron coverage rates are often
used to evaluate whether a selected testing suite is diverse
enough to cover as many scenarios as possible [18, 31], and
IRR scores are often used to evaluate the consistency and
reliability of professional annotations [11] between differ-
ent practitioners. We report f1 score (between diversity –
recall, and reliability – precision) when comparing different
testing methods.

5.2.1. Prior Works: Random/Nearest Sampling
In Table 1, we show that although the random sampling
testing approach resulted in the best neuron coverage rate,
the IRR score is relatively lower because of the random-
ness. Meanwhile, selecting the nearest top-k background
scenes resulted in the highest inter-rate reliability score,
however, the neuron coverage rate (diversity level) is the
lowest. Therefore, these two testing methods might not be
the most suitable for background invariance testing.

5.2.2. Distance and Keyword-based Sampling
As shown in Table 1, although distance-based sampling (in-
terval) can achieve a higher neuron coverage rate, the re-
sultant human judgements are not most consistent, whereas
keyword-based sampling methods are the most balanced be-
tween diversity and reliability. Among keyword-based sam-
pling methods, CLIP [35] tends to find similar (matched)
items for the target image, which leads to less diverse test-
ing suites. Meanwhile, our ontology expands the originally
detected keywords using association analysis and thus be-
comes the most balanced between diversity and consistency
(i.e., the best f1 score). We also show the distribution of the
distances between target images and the testing images syn-
thesized using random, nearest neighbor, and our ontology-
based method in Figure 11 in Appendix B5.

5.3. Automated Background Invariance Testing
To avoid the labor-intensive manual analysis process, we
investigate if the entire testing procedure can be automated.

Table 2. Automation results: the automation accuracy using ran-
dom forest is around 80% and the inter-rater reliability score with
majority votes is around 0.65.

Automation Accuracy IRR Score
Random Forest 79.7 ± 7.5% 0.649 ± 0.091

AdaBoost 74.8 ± 9.1% 0.599 ± 0.102

We split the model repository into a training set (2/3 of the
models) and a testing set (1/3 of the models). And we train a
simple random forest to judge if models are rated as passed,
failed or borderline using some hand-crafted features from
the variance matrices [24]. To make the results more statis-
tically significant, we randomly split the data, repeated the
experiments ten times and reported the averaged results and
the standard deviation. In Table 2, we show that we can
achieve around 80% automation accuracy. Furthermore,
the IRR scores between the predictions from assessors and
the majority votes are similar to those of the three coders
(⇠0.65). Therefore it shows the proposed framework can
work as a fully automated background testing mechanism
with sufficient accuracy.

6. Conclusion
In this work, we first confirm that visualization-based test-
ing methods are more informative than reporting global
statistics for background invariance testing. We show that
models having the same averaged accuracy score can per-
form differently. With the proposed framework, we can
visualize the testing results and find some visual patterns
which facilitate further analysis of the invariance qualities.

We identify the challenges of utilizing visualization-
based testing techniques when the data space is gigantic and
adequate sampling is not feasible. We find that randomly
sampled testing examples leads to inconsistent visualized
patterns, hence inconsistent human decisions on invariance
qualities across different testing runs. Meanwhile, nearest-
neighbor sampling leads to consistent human judgment but
with limited diversity in the sampled testing examples.

We propose an association ontology-based approach that
can lead to 1) diverse testing suite, and 2) consistent and
reliable human judgments on the invariance qualities of in-
terested ML models. In the future, a larger model repository
can be collected to confirm the feasibility of the framework.
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