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Abstract

Vision models often fail systematically on groups of
data that share common semantic characteristics (e.g.,
rare objects or unusual scenes), but identifying these
failure modes is a challenge. We introduce ADAVI-
SION, an interactive process for testing vision mod-
els which helps users identify and fix coherent fail-
ure modes. Given a natural language description of
a coherent group, ADAVISION retrieves relevant im-
ages from LAION-5B with CLIP. The user then labels
a small amount of data for model correctness, which is
used in successive retrieval rounds to hill-climb towards
high-error regions, refining the group definition. Once
a group is saturated, ADAVISION uses GPT-3 to sug-
gest new group descriptions for the user to explore. We
demonstrate the usefulness and generality of ADAVI-
SION in user studies, where users find major bugs in
state-of-the-art classification, object detection, and im-
age captioning models. These user-discovered groups
have failure rates 2-3r higher than those surfaced by
automatic error clustering methods. Finally, finetun-
ing on examples found with ADAVISION fixes the dis-
covered bugs when evaluated on unseen examples, with-
out degrading in-distribution accuracy, and while also
improving performance on out-of-distribution datasets.

1. Introduction

Even when vision models attain high average per-
formance, they still fail unexpectedly on subsets of im-
ages. When low-performing subsets are semantically
coherent (i.e. unified by a human-understandable con-
cept), their identification helps developers understand
how to intervene on the model (e.g. by targeted data

*Undertaken in part as an intern at Microsoft Research.

collection) and decide if models are safe and fair to de-
ploy [12, 26]. For example, segmentation models for
autonomous driving fail in unusual weather. Because
we have identified this, we know to deploy such systems
with caution and design interventions that simulate di-
verse weather conditions [39, 49]. Identifying coherent
failure modes helps developers make such deployment
decisions and design interventions.

However, discovering coherent error groups is dif-
ficult in practice, since most evaluation sets lack the
necessary visual or semantic annotations to group er-
rors. Prior work clusters evaluation set errors in differ-
ent representation spaces [8, 12, 17, 38, 45], but these
methods often produce incoherent groups, such that
it is hard for humans to assess their impact or fix
them. These methods are also limited by the cov-
erage of small evaluation sets, which underestimate
out-of-distribution vulnerabilities [28, 32, 35], and be-
come less useful as models approach near-perfect accu-
racy on benchmarks. An alternative approach for dis-
covering failures is open-ended human-in-the-loop test-
ing [13, 34, 35], which leverages interaction with users
to generate challenging data to test models on coherent
topics. While successful in NLP, there are no estab-
lished frameworks for open-ended testing in vision.

In this work, we present Adaptive Testing for Vi-
sion Models (ADAVISION), a process and tool for
human-in-the-loop testing of computer vision models.
As illustrated in Figure 1 (left), a user first proposes a
coherent group of images to evaluate using natural lan-
guage (e.g. stop sign). This description is used to re-
trieve images from a large unlabeled dataset (LAION-
5B) using CLIP embeddings [29]. After users label a
small number of the returned images for model correct-
ness (pass / fail), the tool adapts to retrieve images
similar to the discovered failures (Figure 1C). ADAVI-
SION reduces the manual labor required for human-in-
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Figure 1: ADAVISION is a human-in-the-loop tool for surfacing coherent groups of failures, which are indexed via natural
language topics. In the test generation loop (left), ADAVISION generates challenging tests for a topic, hill-climbing on previous
failures. In the topic generation loop (right), ADAVISION generates new topics to explore, hill-climbing on previously difficult
topics. Users steer testing by labeling a small number of images in the test generation loop and selecting which topics to

explore from the topic generation loop.

the-loop testing by automatically hill-climbing towards
high-error regions, while having a human-in-the-loop
ensures groups are coherent and meaningful for the
downstream application. ADAVISION also leverages a
large language model (GPT-3 [5]) to adaptively help
users generate descriptions for challenging groups to
explore, as previously proposed by [34] and illustrated
in Figure 1 (right). After testing, users finetune their
models on discovered groups to fiz the bugs, and they
can test again to verify improvement.

We demonstrate the usefulness of ADAVISION in
user studies, where users found a variety of bugs in
state-of-the-art classification, object detection, and im-
age captioning models. ADAVISION groups had failure
rates 2-3x higher than those found by DOMINO, an au-
tomatic error clustering baseline [12]. Further, users
found close to 2x as many failures with ADAVISION,
when compared to a strong non-adaptive baseline using
the same CLIP backend. Finally, we show that finetun-
ing a large classification model on failures found with
ADAVISION improves performance on held-out exam-
ples of such groups and on out-of-distribution datasets,
without degrading in-distribution performance: fine-
tuning an ImageNet-pretrained ViT-H/14 model [6, 10]

on user study data fixes the discovered groups (boost-
ing accuracy from 72.6% to 91.2%) without reducing
overall accuracy on ImageNet, while also improving the
accuracy of labeled classes (78.0% to 84.0%) on five
out-of-distribution (OOD) ImageNet evaluation sets.

2. Related Work

Automatic group discovery. To help humans find
low-performing coherent groups, one line of prior work
clusters errors in validation data, labeling each cluster
with a caption [8, 12, 17, 38, 45]. A desirable prop-
erty for these clusters is coherency: groups and cap-
tions that are semantically meaningful to humans aid
decisions about safe deployment and intervention (e.g.
collecting more data to fix the bugs). Further, clusters
should generalize: since each cluster is meant to repre-
sent a bug in the model, collecting more data matching
the caption should result in a high failure rate. Prior
work finds that automatic methods which cluster val-
idation set errors can fail this second criterion: clus-
ters can spuriously overfit to a few mispredicted exam-
ples [18]. Overfitting is particularly likely on small or
mostly-saturated evaluation sets. In contrast, ADAVI-



SION leverages a human in the loop to iteratively test
models, encouraging descriptions which are coherent,
generalizable, and relevant for the users’ task.

Testing machine learning models. Human-aided
testing of models is an established practice in Natural
Language Processing [3, 13, 20, 34, 35]. This area ap-
plies insights from software engineering by having users
create test cases with templates [35], via crowdsourcing
[13, 20], or with help from a language model [34]. Tests
are organized into coherent groups and used to evalu-
ate a target model. This style of testing, which lever-
ages human steering to probe inputs beyond traditional
training / validation splits, has successfully unearthed
coherent bugs in state-of-the-art NLP models, even as
models saturate static benchmarks [13, 20, 34, 35].

In contrast, testing in computer vision has not
moved far from static evaluation sets, with testing lim-
ited to pre-defined suites of data augmentations [11,
39, 50], static out-of-distribution test sets [2, 15, 16,
33, 41], training specific counterfactual image genera-
tors [1, 7, 19], or using 3D simulation engines [4, 22].
All of these methods either restrict tests to a static
set of images, or along pre-specified axes of change
(e.g. blur augmentations), and many introduce syn-
thetic artifacts. In contrast, ADAVISION enables dy-
namically testing models along unrestricted axes by
allowing users to specify tests using natural language.
Moreover, ADAVISION can pull images from 5 billion
total candidates, orders of magnitude larger than typ-
ical evaluation datasets.

Our work shares motivations with prior work that
compares models via dynamically selected test sets
[24, 40, 44, 47] and with concurrent work by Wiles et
al. [45], who also leverage foundation models for open-
ended model testing of computer vision models. Like
other automatic methods, their approach involves clus-
tering evaluation set errors, captioning these clusters,
and then generating additional tests per cluster using
a text-to-image generative model [36]. ADAVISION dif-
fers in that it is human-in-the-loop; as in prior work, we
find that a small amount of human supervision, which
steers the testing process towards meaningful failures
for the downstream application, is effective at identify-
ing coherent bugs [34] and avoids the pitfalls of auto-
matic group discovery from evaluation sets (our discov-
ered bugs have failure rates orders of magnitude higher
than Wiles et al. [45]).

3. Methodology

We aim to test vision models across a broad set of
tasks, including classification, object detection, image
captioning. Given a model m, we define a test as an

image x and the expected behavior of m on x [34, 35].
For example, in object recognition, we expect that
m(x) outputs one of the objects present in x, while
in captioning, we expect m(x) to output a factually
correct description for z. A test fails if m(z) doesn’t
match these expectations.

A coherent group, or topic [34], contains tests whose
images are united by a human-understandable concept
[12, 45]) and by a shared expectation [35]. ADAVI-
SION’s goal is to help users discover topics with high
failure rates, henceforth called bugs [34, 45]. Assum-
ing a distribution of images given topics P(X|T'), a bug
ist € T such that failure rates are greatly enriched over
the baseline failure rate:

E,p(xe) [test(z) fails] > E, _px) [test(z) fails]

For a given topic, users start with a textual topic
description (e.g. stop sign in Figure 1 left), and then
engage in the test generation loop (Section 3.1), where
ADAVISION generates test suggestions relevant to the
topic. At each iteration, ADAVISION adaptively refines
the topic based on user feedback on topic images, steer-
ing towards model failures. While users can explore
whatever topics they choose (e.g. based on the task la-
bels, application scenarios, or existing topics from prior
testing sessions), ADAVISION also includes a topic gen-
eration loop (Figure 1 right; Section 3.2) where a large
language model suggests topics that might have high
failure rate, based on existing topics and templates. At
the end of the process, users accumulate a collection of
topics and can then intervene on identified bugs, e.g. by
finetuning on the failed tests to improve performance
on fresh tests z ~ P(X|t) from the topic (Section 4.4).

3.1. Test generation loop

In the test generation loop, users explore a candidate
topic t. At each iteration, users get test suggestions and
provide feedback by labeling tests, changing the topic
name, or both. This feedback adaptively refines the
definition of ¢, such that the next round of suggestions
is more likely to contain failures (Figure 1 left).

Initial test retrieval. Given a topic string ¢, ADAV1I-
SION retrieves a warm-up round of tests (Figure 1A)
by using the text embedding ¢; (embedded with CLIP
ViT-L/14 [29]) to fetch nearest image neighbors from
LAION-5B [37], a 5-billion image-text dataset.! We
note that LAION-5B can be replaced by or supple-
mented with any large unlabeled dataset, or even with
an image generator.

Adaptive test suggestions. We run the target

IWe use https://github.com/rom1504/clip-retrieval
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Figure 2: In the test generation loop, ADAVISION populates a topic with image tests, hill-climbing on previous failures
through embedding interpolations. To minimize user labeling effort, ADAVISION also uses lightweight classifiers to automat-

ically sort and label returned tests. We provide additional technical details on these steps in Appendix A.1.

model on the warm-up images, obtaining (z, m(z)) tu-
ples. Users then label a small number of these tests as
passed, failed, or off-topic. A test is off-topic if it is a
retrieval error (e.g. not a stop sign in Figure 2C), or if
the test is not realistic for the downstream application.
When labeling, users prioritize labeling failures. We
incorporate these labeled tests in subsequent rounds
of retrieval, where we suggest tests based both on the
textual description (stop sign) and visual similarity to
previous failures. To do so (Figure 2A, B), we sample
up to 3 in-topic images (prioritizing failures), combine
their embeddings into a single embedding ¢; using a
random convex combination of weights, and generate
a new retrieval query by spherically interpolating each
¢; with the topic name embedding ¢;, as done in [31].
We automatically filter retrievals to prevent duplicate
tests. We provide more technical details in Appendix
Al

By incorporating images into retrieval, ADAVI-
SION adaptively helps users refine the topic to a coher-
ent group of failures. Each round can be seen as hill-
climbing towards a coherent, high-error region, based
on user labels. We evaluate the effectiveness of this
strategy in Section 4.1, where we observe that it sig-
nificantly improves retrieval from LAION-5B.

Automatically labeling tests. In order to minimize
user labeling effort, we train lightweight topic-specific

2q = slerp(qi, qt) = Sin(iiln_:‘)o‘)qi + Si:i;)‘;)qt, where

cosa = (i, qy). We sample A ~ Uni(0, 1).

classifiers to re-rank retrieved results according to pre-
dicted pass, fail, or off-topic labels (Figure 2C). For
each topic, we take user pass/fail labels and train a
Support Vector Classifier (SVC) on concatenated CLIP
embeddings of each test’s input (image) and output
(e.g. predicted label). If off-topic labels are provided,
we train a second SVC model to predict whether a test
is in-topic or off-topic. The predictions of these two
models are used to rerank the retrievals such that likely
failures are shown first (sorted by the distance to the
decision boundary), and tests predicted as off-topic are
shown last. The user also sees a binary prediction of
pass / fail (Figure 2C), so they can skip tests predicted
as “pass” once the lightweight models seem accurate
enough. These models take less than a second to train
and run, and thus we retrain them after every round
of user feedback.

3.2. Topic generation loop

In the topic generation loop (Figure 1 right), users
collaborate with ADAVISION to generate candidate
topics to explore. While labeling examples in the test
generation loop is easy for humans, generating new top-
ics is challenging, even when users are tasked with test-
ing m for a single concrete label (e.g. stop sign). Thus,
we offload this creative task to a large language model
(GPT-3, text-davinci-002), inspired by successes in re-
lated NLP tasks [34].

As illustrated in Figure 3, we start by using a col-
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lection of prompt templates, such as “List some condi-
tions a {LABEL} could be in that would make it hard
to see” and “List some unusual varieties of {LABEL}”,
replacing {LABEL} at testing time with predefined la-
bel names or existing user topics (e.g. stop sign). We
combine completions of this prompt with existing user
topics (prioritizing topics with high failure rates) into
a new few-shot prompt, such that GPT-3 is “primed”
to return high-failure topic names [34]. The result-
ing topic name suggestions are presented to the user,
who chooses to explore topics they deem interesting
and important. These suggestions only need high re-
call (not precision), as users can disregard irrelevant
suggestions.

4. Evaluation

To evaluate ADAVISION, we first quantify the value
of adaptive test suggestions (i.e. retrieving tests using
interpolated topics and images, Section 3.1) for find-
ing failures. Then, we verify that ADAVISION helps
users find coherent bugs in state-of-the-art vision mod-
els across a diverse set of tasks in a set of user studies
(Section 4.2). These also demonstrate that ADAVI-
SION is more effective than a non-adaptive version re-
lying on an interactive CLIP search. In a separate ex-
periment, we compare ADAVISION and DOMINO, an
automatic slice discovery method (Section 4.3). Fi-
nally, we use finetuning to patch the discovered bugs
(Section 4.4), improving performance in these topics.
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Figure 4: Average number of failures accumulated within a
topic over the course of 100 retrievals, comparing ADAVI-
SION with a non-adaptive baseline. ADAVISION is signifi-
cantly more effective at finding failed tests, because it is
able to quickly surface more failures once a few are found.
Standard error is over 12 topics.

4.1. Value of adaptive test suggestions

We ran a controlled experiment to understand the
value of the test generation loop’s adaptivity for find-
ing failures. We compared the number of failures found
within a topic when using adaptive test suggestions,
compared to retrieving based on topic name alone. To
do so, we fixed a set of broad topics from two tasks
(classification and object detection) and labeled the
top 100 retrievals found by each strategy.® For clas-
sification, we created six broad topics with the tem-
plate a photo of a {y} with the labels {banana, broom,
candle, lemon, sandal, wine bottle}.* For object detec-
tion, we use the template a photo of a {y} on the road
with labels {cyclist, motorcycle, car, stop sign, person,
animal}.

Figure 4 shows the number of failures found by
ADAVTISION compared to NONADAPTIVE over time, av-
eraged across topics. Once a small number of failures
have been found, ADAVISION is able to quickly surface
more failures, outperforming retrieval that only uses
the topic string. Even though these broad initial topics
result in low baseline failure rates, ADAVISION surfaces
coherent groups of failures within the broad topic by
hill-climbing on previous failures.

4.2. User study

We ran user studies to evaluate whether ADAVI-
SION enables users to find bugs in top vision models.
Users are able to find coherent bugs with ADAVISION in
state-of-the-art models, even though these models have
very high in-distribution accuracy. We also show that

30ne of the authors labeled all images in this experiment.

4We selected these classes because they overlap on various
ImageNet OOD datasets (ImageNet V2, ImageNet-A, etc.), dis-
cussed in Section 4.4.



ADAVISION’s adaptivity, i.e. its hill-climbing on pre-
vious failures (both test and topic), helps users find
nearly 2x as many failures than without adaptivity.

Tasks and models. To highlight the flexibility of
ADAVISION, we had users test models across three vi-
sion tasks (classification, object detection, and image
captioning). We targeted models and categories with
high benchmark or commercial performance, where
failures are not easy to find, and we instructed users to
use stringent definitions for model failure. For classifi-
cation, users tested ViT-H/14 on two ImageNet cate-
gories banana and broom (chosen for their high top-1
accuracy of 90%), and were instructed that a predic-
tion that includes any object in the image is counted
as a valid prediction. For object detection, users tested
Google Cloud Vision API’s Object Detection on two
categories relevant for autonomous driving: bicycle and
stop sign (average precision 0.7-0.8 on Openlmages).’
Users were instructed to only mark as failures tests
where the model does not detect any bicycles or stop
signs present. For image captioning, users tested Al-
ibaba’s official checkpoint of OFA-Huge finetuned on
COCO Captions [43], which is state-of-the-art on the
benchmark, and were asked to explore scenes a visually
impaired user might encounter when inside a kitchen or
an elementary school. Users were instructed to consider
as failures only object and action recognition errors
which would egregiously mislead a visually impaired
user.

Participants and setup. We recruited 40 partici-
pants from academia and industry (with IRB approval)
who had taken at least a graduate-level course in ma-
chine learning, computer vision, or natural language
processing. We assigned 16 users to the classification
task, 16 to the detection task, and 8 users to the image
captioning task.

In these studies, we also aimed to ablate the im-
portance of ADAVISION’s adaptivity over its benefits
as an interactive search interface with model scoring.
To do so, we asked each user to complete two rounds
of testing. In the ADAVISION round, users had full
access to ADAVISION as described in Section 3, while
in NONADAPTIVE round we disabled topic suggestions,
automatic test labeling, and adaptive test suggestions
(i.e. suggestions are always retrievals based solely on
the topic name). Users had a limited amount of time
for each round (15 to 20 minutes), and were instructed
to try to find as many failure-prone topics (bugs) for a
specific category as possible, switching topics whenever
they found 8-10 failures within a topic (more details in
Appendix B). Users tested different categories between
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Figure 5: User study results comparing ADAVISION to NON-
ADAPTIVE (baseline). Error bars are standard errors over
users. Results significant with p < 0.05 (*) or p < 0.005
(**), with more details in Appendix B.

rounds (to minimize learning between rounds), and cat-
egory assignments and round orderings were random-
ized.

Results. We present the number of failures found
(averaged across users) in Figure 5. Users were able
to find a variety of bugs with ADAVISION, even in
strong models with strict definitions of failure. Fur-
ther, ADAVISION’s adaptivity helped users find close
to twice as many failing tests than NONADAPTIVE,
with moderate to large (standardized) effect sizes in
classification (d = 0.588,p < 0.05), object detec-
tion (d = 0.882,p < 0.005), and image captioning (d =
0.967,p < 0.05). Using ADAVISION helped users iden-
tify more diverse bugs than the baseline: while 12/40
users found 2 or more bugs with ADAVISION, only 1/40
could match this level of diversity in the baseline round.

Qualitatively, users found bugs related to spuri-
ous correlations, difficult examples, and missing world
knowledge (we share samples in Figure 6). For ex-
ample, users discovered that ViT-H/14 strongly corre-
lates kitchen countertops with the label microwave and
witch hats with the label cauldron, leading to failure
on images where these correlations do not hold (e.g.
microwaves are absent). Users found that Cloud Vi-
sion misses detections when stop signs and bicycles are
partially obscured by snow, and users also discovered
object and action recognition errors in OFA-Huge, such
as with oven mitts and musical instruments held near
the mouth.

We surveyed users on whether ADAVISION was in-
strumental in finding these bugs. 84.6% of users
marked said they “could not have found these bugs
using existing error analysis tools [they] have access
to.” We also asked users to rate the cognitive difficulty
of finding bugs in each round, on a scale of 1 to 5.
The average perceived difficulty with ADAVISION was
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missing world knowledge (e.g. OFA-Huge misidentifying oven mitts).

3.05+1.07, in contrast with 4.104+0.91 for NONADAP-
TIVE. In a paired t-test, this gap was significant with
p < 0.001, reflecting that users felt testing was easier
with ADAVISION than without.

4.3. Comparison with automatic slice discovery

DoMmINO [12] is a state-of-the-art slice discovery
method that clusters validation set errors and describes
them with automatically generated captions. We com-
pare these to ADAVISION topics on unseen data, noting
that if a topic or caption ¢ genuinely describes a bug,
drawing new samples from z ~ P(X|t) should yield a
high failure rate.

Setup. We compare bugs found in ImageNet classifi-
cation models with respect to six categories: {banana,
broom, candle, lemon, sandal, wine bottle}. Specifi-
cally, tests failed if they were false negatives: for class
y, the model fails if the image = contains object y, but
the model instead predicts an object that is not in the
image. We target the ViT-H/14 model from Section
4.2 [10], and a ResNet-50 [14].

For each category, DOMINO clusters ImageNet val-
idation examples using an error-aware Gaussian mix-

ture model in CLIP’s latent space, and then describes
each cluster with a caption.® We use two variants,
Dowmino (BERT) and DoMINO (OFA), which differ in
how they caption clusters (template filling with BERT
[9] or captioning with OFA [42]). Appendix C contains
more details.

We used ADAVISION topics from a user session in
the user studies for overlapping categories, and had an
author run additional sessions (i.e. use ADAVISION
for 20 minutes) for the 2 remaining categories. While
DoMmiINO targets each model individually, we only tar-
get ViT-H/14, and directly transfer the discovered top-
ics to ResNet-50.

Both methods propose five topics per category (we
took the top-5 with most failures for ADAVISION),
for a total of 30 topics each (listed in Appendix C).
To evaluate the failure rate of a topic on mew data
that matches the topic description, we retrieve nearest
neighbors from LAION-5B using the topic name, and
label the first 50 in-topic retrievals (skipping over im-
ages that do not fit the topic description). We exclude
tests ADAVISION users encountered during testing to

6We use the official implementation [12], available at
https://github.com/HazyResearch/domino
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avoid counting tests already reviewed in ADAVISION’S
favor.

Results. We present average failure rates across co-
herent topics proposed by each method in Table 1. We
also present two baselines: the failure rate of a generic
topic description per category (a photo of {y}), and the
failure rate on the original ImageNet validation data
(noting that ImageNet has a looser definition of failure,
enforcing prediction on an arbitrary object on images
with multiple objects). ADAVISION topics yield much
higher failure rates, while DOMINO shows rates close to
baselines. Interestingly, ADAVISION topics generated
while testing ViT-H/14 transfer well to ResNet-50.

Further, while all ADAVISION topics are unsurpris-
ingly coherent (as they are human-verified), we find
that 61.6% and 33.3% of topics from DoMmINO (BERT)
and DoMINO (OFA) respectively are nonsensical (e.g.
a photo of setup by banana, a photo of skiing at sandal)
or fail to refer to the target category at all (e.g.
three oranges and an apple on a white background when
the target is “lemon”). These topics are excluded from
Table 1 and listed in Appendix C.

We believe these results illustrate some inherent dif-
ficulties of automatic slice discovery methods. Vali-
dation error clusters may not be semantically tied to-
gether, especially when models saturate in-distribution
benchmarks (ViT-H/14 and ResNet-50 are stronger
than models used in prior evaluation of automatic slice
discovery [12, 17]). Current slice captioning meth-
ods may also over-index into incorrect details or miss
broader patterns between images. Because of the
human-in-the-loop, ADAVISION enables users to form
more coherent hypotheses about model failures. Fur-
ther, cluster captions can describe a group of failures
without including the cause of the model failure [18]
(e.g. “a woman sitting on a chair holding a broom”
is coherent, but ViT-H/14 has a failure rate of only
10% on additional data matching this description). In
contrast, users of ADAVISION iteratively form hypothe-
ses about model vulnerabilities: after selecting a topic,
users observe model behavior on additional data from
the topic, leading them to refine the topic definition.
This iterative process helps users identify topics which
consistently capture model failures.

4.4. Fixing bugs via finetuning

We evaluate whether users can fix bugs discovered
with ADAVISION, by finetuning on failed tests. We
finetune ViT-H/14 on the 30 ADAVISION topics for cat-
egories {banana, broom, candle, lemon, sandal, wine
bottle} from Section 4.3, taking a sample of 20 tests
per topic for a total of 600 images. As a baseline
that just trains on images from a different distribution,

Model Method Avg failure rate
a photo of {y} 1.33
ImageNet 11.47

ViT-H/14 Dowmino (BERT) 8.6
Dowmino (OFA) 7.33
ADAVISION 28.47
a photo of {y} 15.7
ImageNet 23.67

ResNet50  Dowmino (BERT) 20.44
Dowmino (OFA) 25.45
ADAVISION 56.93

Table 1: Average failure rates across topics proposed by
ADAVISION and two variants of DOMINO, an automatic
slice discovery method. ADAVISION finds bugs that are 3x
more difficult for models, while automatic methods propose
groups that are close to baseline failure rates.

we finetune ViT-H/14 on an equal-size set of images
retrieved from LAION-5B using generic topics in the
form an image of {y}. We evaluate the finetuned mod-
els on held-out examples from ADAVISION topics, on
the original domain (ImageNet [6]), and on five out-
of-distribution datasets: ImageNet V2 [33], ImageNet-
A [16], ImageNet-Sketch [41], ImageNet-R [15], and
ObjectNet [2]. Additional details are in Appendix D.

Finetuning improves performance on discovered
bugs. We use 50 held-out examples drawn from each
topic we attempted to fix (treatment topics) to ver-
ify if the bugs were patched. As shown in Table 2,
finetuning substantially increases performance on the
held-out data from the treatment topics (by 18.6 per-
centage points), making the accuracy on treatment top-
ics surpass average accuracy on ImageNet. These per-
formance gains also hold on in-topic images sourced
from outside of the LAION-5B distribution: for each
treatment topic, we collected 50 images from a Google
Image Search, deduplicated against both the finetun-
ing set and the LAION-5B evaluation set. Finetun-
ing on ADAVISION images from a testing session using
LATION-5B also improves performance on in-topic im-
ages from Google by 13.9 percentage points.

Finetuning maintains in-distribution accuracy
and improves OOD accuracy. To ensure perfor-
mance gains are not due to the introduction of new
shortcuts, we check performance on the original in-
distribution data (ImageNet). Finetuning on the treat-
ment topics does not reduce overall ImageNet accuracy
(Table 2). Additionally, finetuning with ADAVISION
improves overall average performance on the treatment



ADAVISION Topics ImageNet Avg across OOD Eval Sets
Model Treatment Topics Control Topics Overall Treatment Classes Overall
LAION-5B Google
Before finetuning 72.6 76.7 91.3 88.4 78.0 T
Finetuning with an image of {y} 82.5 (0.9) 82.9 (0.6) 90.8 (0.3) 88.5 (0.0) 82.1 (0.6) 78.0 (0.1)
Finetuning with ADAVISION tests 91.2 (0.5) 90.6 (0.6) 91.9 (0.2) 88.4 (0.0) 84.0 (0.2) 78.2 (0.0)

Table 2: Accuracies on ADAVISION topics, ImageNet [6], and five OOD ImageNet evaluation sets [2, 15, 16, 33, 41] before
and after finetuning on images accumulated from testing with ADAVISION. Compared to a baseline of finetuning on the
same number of images pulled generically using the topic an image of {y} from LAION-5B, ADAVISION improves accuracy
on held-out data from topics in the finetuning set (left two columns), regardless of whether images are sourced from LAION-
5B or Google Images. ADAVISION also improves accuracy on OOD evaluation sets (right two columns). Finetuning maintains
overall performance on ImageNet (center) and held-out control topics (third column).

classes across out-of-distribution evaluation sets (from
78% to 84%). To check for shortcuts at a more fine-
grained level, we evaluate performance on 19 seman-
tically contrasting control topics with different labels.
For example, one treatment topic involved images of
lemons next to tea, which the model often predicted
as consomme. We added consomme as a control topic
to check that the model does improve performance
on lemons at the expense of the “consomme” con-
cept. Similarly, for topics banana on kitchen countertop
and witch riding a broom in Figure 6, we add the con-
trol topics microwave in kitchen and witch with cauldron;
see Appendix D for a list. Performance on the con-
trol topics does not decrease after finetuning. Our
results indicate users can fix specific bugs discovered
with ADAVISION in ViT-H/14 without degrading per-
formance elsewhere.

5. Limitations

Retrieval limitations. While LATION-5B has good
coverage for everyday scenes, it may not be appropriate
to specialized domains such as biomedical or satellite
imagery, and CLIP’s representation power is also likely
to deteriorate on these domains [29]. Even for every-
day scenes, the quality of CLIP’s text-based retrieval
degrades as the complexity of the topic name increases,
particularly when several asymmetric relations are in-
troduced [25, 48]. Further work to improve image-text
models like CLIP could reduce off-topic retrievals dur-
ing testing, improving users’ testing speed.

Experiment limitations. We show that finetuning
a state-of-the-art classification model on ADAVISION
bugs fixes them without degrading performance else-
where. While it is particularly encouraging that we
could improve performance on labels that had very
high accuracy to begin with, this experiment was done
with a limited set of labels and with only one round of
testing. Multiple rounds of testing / finetuning could

be more beneficial [34]. Models smaller than ViT-
H/14 may also be more prone to catastrophic forgetting
[30]. To preserve in-distribution performance when fix-
ing bugs for these models, robust finetuning techniques
like weight averaging [46] or adding in-distribution data
to the finetuning set may be necessary.

Fixing non-classification bugs. Classification tests
contain the expected label implicitly in pass/fail anno-
tations, and thus are easy to turn into finetuning data.
However, the same is not true for detection or caption-
ing tests, since we do not collect correct bounding boxes
or captions during testing (only pass/fail annotations).
Fixing such bugs would require an additional step of
labeling failing tests prior to finetuning, or using loss
functions that explicitly allow for negative labels [21].

6. Conclusion

We presented ADAVISION, a human-in-the-loop pro-
cess for testing vision models that mimics the life-cycle
of traditional software development [34]. By leveraging
human feedback for models on vision tasks, ADAVI-
SION helps users to identify and improve coherent vul-
nerabilities in models, beyond what is currently cap-
tured in-distribution evaluation sets. Our experiments
indicate the adaptive nature of ADAVISION improves
the discovery of bugs, and that finetuning on bugs dis-
covered with ADAVISION boosts performance on the
discovered failure modes. ADAVISION is open-sourced
at https://github.com/i-gao/adavision.
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Appendix Overview

e In Appendix A, we present additional details on
the ADAVISION system as described in Section 3,
including details about adaptive test retrieval and
automatic test labeling (A.1), as well as adaptive
topic generation based on templates and user top-
ics (A.2).

e In Appendix B, we include additional details
about the user studies in Section 4.2, as well as
details about the statistical analyses.

e In Appendix C, we expand upon the comparison of
ADAVISION with DOMINO (Section 4.3 in the main
text), providing an explanation of DOMINO and its
hyperparameters, our criterion for coherency, a list
of all slice descriptions (topics) from DOMINO used
during evaluation, and a list of the 30 user-found
ADAVISION topics we compared DOMINO against.

e Finally, in Appendix D, we discuss hyperparam-
eters used for finetuning in Section 4.4, list all
control and treatment topics, and include an ad-
ditional evaluation measuring whether finetuning
on treatment topics improves other, conceptually
unrelated bugs.

A. Additional details on ADAVISION

In Section 3, we described ADAVISION, which in-
cludes a test generation loop that retrieves images with
CLIP and an topic generation loop that generates top-
ics with GPT-3. Here, we expand on the details of both
loops.

A.1. Test generation loop

In the test generation loop, users explore a can-
didate topic t. Each iteration of the loop, ADAVI-
SION retrieves test suggestions relevant to the topic,
and, when possible, automatically imputes pass/fail la-
bels for these suggestions in order to minimize user
labeling effort. In this section, we provide additional
details about the retrieval and labeling steps of a single
iteration of the test generation loop.

Recall that m is our target vision model (e.g. a clas-
sification model), and m(z) is the model output on an
image x (e.g. the label string, such as “banana”). At
any given iteration of the test generation loop, we have
a textual topic description z and a (possibly empty) set
of already labeled tests D, where each test is a triplet
(xz,m(z),y). The label y € {—1,1} refers to whether
the test failed (-1) or passed (1). We may also have a
set of previously reviewed, off-topic tests Dogr-topic. In

Algorithm 1, we step through the retrieval and labeling
steps of the iteration. For space, we expand on two of
the steps in the algorithm box below.

Sampling previous tests zi,xs,x3 for retrieval.
In the retrieval step, we incorporate three previous
tests from D. Each of the three tests is sampled from
a categorical distribution over D, where each z; € D
has probability p; of being selected. We prefer to se-
lect tests where the model confidently fails over tests
where the model less confidently fails, which are still
preferred over passed tests. Thus, when available, we
use the model’s prediction confidence sy, (z;) € [0,1]
for each example x; € D to compute p;. For example,
in classification, s,, is the model’s maximum softmax
score. If this value is unavailable (e.g. for some com-
mercial APIs), we fix s,,(2;) = 1 for all examples. To
compute p;, we compute a score a; = 1 —y;sm,(z;) per
example (note that this is 0 when the test is confidently
correct and 2 when the model is confidently incorrect),
and we set p; to be the normalized version of ;.

Lightweight classifiers f, fog-topic for automat-
ically labeling tests. When |D| > 0, we use
two lightweight classifiers to automatically impute
whether tests have passed, failed, or are off-topic.
The lightweight classifiers are specialized to the cur-
rent topic (i.e. we train new classifiers for new top-
ics). Functionally, a lightweight classifier is a Support
Vector Classifiers (SVC). One lightweight classifier f
maps (z,m(x)) to predicted pass/fail label in {—1,1}.
Specifically, the tuple (z,m(z)) is transformed into a
single vector by first embedding both = (image) and
m(z) (string) with CLIP ViT-L/14, followed by con-
catenating the two into [CLIP(z), CLIP(m(x))]. This
vector is used as the feature representation of the SVC.
New tests are re-sorted according to the prediction of
f and f’s confidence, with likely failures shown first.
Classifier fogtopic Operates on the same representation
as f for each test, but instead predicts binary labels
for in-topic / off-topic. These classifiers take less than
a second to train and run, so we re-train them at each
iteration of the test generation loop.

A.2. Topic generation loop

In the topic generation loop, users collaborate with
ADAVISION to generate candidate topics to explore
using GPT-3. We generate candidate topics in two
phases. In the first phase, we prompt GPT-3 using
a pre-written set of templates and collect the com-
pletions. We share the set of prompt templates used
in Listing 1, replacing {LABEL} with predefined la-
bel names or existing user topics (e.g. stop sign). In



Algorithm 1: Iteration of the test generation loop.

Input: Textual topic description z, previously labeled tests D = {(z, m(x),y)}, previous off-topic tests

Z)oﬂ’—topic

Compute g; + CLIP(z)
if |D| > 0 then

> Figure 2A

Sample x1, x2, 3 ~ Categorical(|D|, p;), where p; is computed according to the text in A.1
Aggregate q; < Y, B - CLIP(x}), with 3 ~ Dirichlet(1,1,1)

Set g < slerp(qy, ¢;, ), with r ~ Uni(0, 1)
else
| Set g+ ¢
end

Retrieve approximate nearest neighbors of g from LAION-5B

> Figure 2B

Exclude retrievals whose CLIP image embeddings have cosine similarity > 0.9 with any previous test x € D
Collect model outputs for all retrieved images to obtain new collection of tests S < [(Z, m(Z))]

if |D| > 0 then

can display the imputed label to the user

previous off-topic tests Dog-topic

end

return sorted S to the user for confirmation / correction.

> Figure 2C

Train a lightweight classifier f on previously labeled tests D as described in A.1
Sort S according to f(Z) for € S, placing predicted fails far from the decision boundary first, and
predicted passes far from the decision boundary last Update S to contain (&, m(Z), f(z)), so that we

Train a second lightweight classifier fog.topic to differentiate between previous in-topic tests D and

Place tests & € S for which foftopic(z) predicts “off-topic” at the end of S

> Figure 2D

the second phase, we gather suggestions from the first
round, append previously explored topics with high
failure rates, and gather a second round of suggestions.
We place topics with the highest failure rates at the
end of the prompts to account for GPT-3’s recency
bias [51]. Finally, topics are presented to users, who
explore ones they deem interesting and important.

A.3. Web interface

We provide screenshots of the ADAVISION web in-
terface in Figure 7. The topic generation loop is repre-
sented as a root page that suggests topics to explore,
and individual topics are represented as folders (Figure
7 left). Tests within folders are represented as rows
mapping images to model outputs (Figure 7 right).

B. Additional details for user studies

In Section 4.2, we described a large set of user stud-
ies used to evaluate ADAVISION’s ability to enable
users to find bugs in state-of-the-art vision models.
Here, we include additional details about the study se-
tups and statistical analyses.

Listing 1: Example prompts used in topic generation
loop.

List some unexpected places to see a {LABEL}

List some places to find a {LABEL}

List some other things that you usually find
with a {LABEL}

List some artistic representations of a {LABEL}

List some things that can be made to look like
a {LABEL}

List some types of {LABEL} you wouldn’t normally
see

List some dramatic conditions to photograph
a {LABEL}

List some conditions a {LABEL} could be in that
would make it hard to see

List some things that are the same shape as a
{LABEL}

List some {LABEL} that are a different color than
you would expect

Study setup. All participants undertook the study
virtually in a single 60-minute Zoom session. At the
start of the session, participants were shown a 5-minute
video introducing how to use the ADAVISION web in-
terface. Next, the experimenter walked through in-
structions for the testing task: as described in the



C Suggest topics +
1o show socks
footies
nonsiip socks
thermal socks
ankle socks
baby socks
toe socks
diabetic socks
golf socks
water socks
no-show socks

calf socks

folded socks

" Wool Socks 2 9

root / folded socks

Figure 7: In the ADAVISION web interface, topics are represented as folders, and tests are represented as rows mapping
images to model outputs. The topic generation loop is represented as a root page that suggests topics to explore (left),
while the test generation loop within each topic suggests tests that lightweight classifiers label as potential failures (right,

top panel).

main text, participants were instructed to find as many
failure-prone topics (bugs) for a specific category (e.g.
banana) as possible, and to switch topics whenever
they found more than a threshold of failures within
a topic. This latter instruction prevented users from
endlessly exploiting a topic to inflate the total failure
count. We adjusted the threshold at which a topic be-
came a bug (and users should move on) based on the
time users had for testing: for classification and image
captioning, users tested models for 20 minutes with
a bug threshold of 10 failures, while for object detec-
tion, users tested the model for 15 minutes with a bug
threshold of 8.

When introducing the task, the experimenter de-
fined failed tests as follows:

e For participants testing classification models, a
test failed if the model predicted an object not
present in the image. Users were instructed to look
for failures among pictures of a specific category
(banana or broom), e.g. failures among pictures of
bananas (Figure 8). Participants were given class
definitions from an ImageNet labeling guide used
in [32].

e For those testing object detection models, a test
failed if the model failed to box any instance of
the given category (bicycle or stop sign), e.g. as
shown in Figure 9.

e Participants testing image captioning models were
asked to imagine that they were testing a product

used by visually impaired customers to caption ev-
eryday scenes. The participants’ task was to find
images (tests) for which the model produced false
or incorrect captions, excluding counting, color,
and gender or age mistakes (Figure 10). Partic-
ipants looked for such tests among pictures of a
specific category (i.e. scenes customers might en-
counter in a kitchen or elementary school).

The experimenter then asked each user to practice
using the web interface by testing the model a third,
held-out object or location for 10 minutes. For classi-
fication, this was a wine bottle; for object detection,
this was a fire hydrant; and for image captioning, this
was a garden. After two rounds of testing in the main
experiment, the study concluded with an exit survey
as described in Table 3. The study compensation was
a $25 Amazon gift card.

Additional results. As discussed in Section 4.2,
ADAVISION helped users find significantly more fail-
ing tests than NONADAPTIVE, with significance de-
termined by paired t-tests in each task. In classifi-
cation, ¢(16) = 2.27,p < 0.05; in object detection,
t(16) = 3.42,p < 0.005, and in image captioning,
t(8) = 2.56,p < 0.05. These corresponded to normal-
ized effect sizes of d = 0.588 in classification, d = 0.882
in object detection, and d = 0.967 in image caption-
ing. We also counted the number of users who could
find bugs during testing, i.e. identify a topic that hit
the threshold number of fails (8 for object detection,
10 for the other tasks). Overall, 28/40 users found



Classification Instructions
To help narrow down your search, we’re only going to consider certain kinds of images: images which

contain an object Y.
A test passes if the predicted object is actually in the image.
X The test fails if the predicted object is not in the image.

Examples

Let object Y= “wine bottle”.

Eirst, we'll check whether we should mark the test as off-topic.

The image does not contain a wine bottle, so it is off-topic

After checking if the test is off-topic. let's review when to mark a test as pass/fail.

~» wine bottle v

The image contains a wine bottle. The test passes because a wine bottle is in the image.

-> vase

The image contains a wine bottle (upside down). The test fails because a vase is not in the image.

y

=» china cabinet v

The image contains wine bottles (to the left and right of the wine glasses). The test passes because a

china cabinet is in the image.

The image contains a wine bottle. The test fails because eggnog is not in the image.

Should I be exploring many topics, or staying within one topic?

Your task is to maximize the number of topics (folders) that each have 10+ failures.

e The round ends when the time is up.
e A good strategy is to explore many topics. (Don't stay in a topic longer than 10 fails!)

Figure 8: Example instructions for classification users.



Detection Instructions

For the sake of the study, we’re only interested in a certain kind of image:
e The image must contain one or more instances of object Y
e Animage is a fail if the model does not locate ANY occurrences of object Y

Examples

Let object Y= “fire hydrant”.
First. we'll check whether the image is relevant to the study.

=
.

. I
( € N o

e &

The image does not contain a fire hydrant, so it is off-topic.

Next, we'll decide whether to mark a test as pass/fail.

-» Fire hydrant v

The image contains a fire hydrant. The test passes because the model boxes and labels at least one of

the fire hydrants. It doesn’'t matter that it doesn’t box all of the hydrants.

The image contains a fire hydrant. Although the model boxes, the hydrant, it doesn’t correctly label it, so

the test fails.

¥ - Animal X

The image contains a fire hydrant. The test fails because the fire hydrant is not boxed and labeled.

Should | be exploring many topics, or staying within one topic?

Your task is to maximize the number of topics (folders) with 8+ failures.
e The round ends when the time is up.
e A good strategy is to explore many topics. (Don'’t stay in a topic longer than 8 fails!)

Figure 9: Example instructions for object detection users.



Captioning Instructions

Given an image, captioning models describe the image with text.
X The test fails if the caption gives a misleadingly false or incorrect description of the image.

You're looking for fails among photographs of everyday objects that a user might encounter in location X.

Let location X = “garden”. Let’s review when to mark a test as pass / fail.
L
R .

.

~» a bunch of tomatoes growing on a plant v

~» aman cutting a tree with a chainsaw X

IMPORTANT: we’re NOT counting certain mistakes as errors.

e Number -- if there are 2 of an object but the tool says 3, that’s okay.

v
e Gender and age
=» stock photo portrait of a little boy holding a stick
e Color and material
~» abunch of red and green tomatoes on a branch v

Should | be exploring many topics, or staying within one topic?

Your task is to maximize the number of topics (folders) that each have 10+ failures.
e The round ends when the time is up.
e A good strategy is to explore many topics. (Don't stay in a topic longer than 10 fails!)

Figure 10: Example instructions for image captioning users.



Question

How difficult was it to
find bugs in the first
round?

How difficult was it to
find bugs in the sec-
ond round?

How wuseful was the | Multiple-choice {1
web tool for finding | could have found
bugs? these bugs using
existing error analysis
tools I have access
to, I could not have
found these bugs
using existing error
analysis tools I have
access to. }
Multiple-choice {Yes,
and they were help-
ful in generating top-
ics that caused fail-
ures, Yes, and they
were helpful in gener-
ating ideas for topics
to explore, Yes, but
they did not generate
good ideas for topics
to explore, No, I did
not use topic sugges-
tions.}

Type
5-point Likert scale

5-point Likert scale

Did you use topic sug-
gestions? Were they
helpful?

Table 3: Items in exit survey.

bugs during testing with ADAVISION, while only 16/40
could find such a high-failure topics in the baseline
round. When surveyed about perceived difficulty of
finding bugs, users also felt finding bugs was easier
with ADAVISION than without, with #(40) = 4.18,p <
0.0005. When surveyed about the helpfulness of GPT-
3’s topic suggestions, 24/34 users who used the topic
suggestions marked that they were helpful for explo-
ration.

C. Additional details for comparison
with automatic slice discovery

In Section 4.3, we compared ADAVISION with
DowmiINO [12], showing that bugs found with ADAVI-
SION are more difficult. Here, we provide an expla-
nation of the DOMINO method and its hyperparam-
eters, define our criterion for coherency, list all slice
descriptions (topics) from DOMINO used during eval-
uation (along with whether they satisfied coherency),

and list the 30 user-found ADAVISION topics.

Details on DomINO. We use the official release
of DoMINO [12], available at https://github.com/
HazyResearch/domino. To generate slice proposals for
a label in {banana, broom, candle, lemon, sandal, wine
bottle}, we ran the target model (ViT-H/14 or ResNet-
50) over ImageNet validation examples of that class.
Then, we used DOMINO’s error-aware mixture model
to generate 5 slices (per class). The error-aware mix-
ture model first generates k candidate slices (clusters
of images) before selecting the best 5 slices. As in
the original paper, we set k = 25, and we initialize
groups using the confusion matrix setting. Addition-
ally, DOMINO uses a hyperparameter v = 10 to control
the weight placed on incorrect examples when slicing.
In the original paper, the authors used v = 10 for all
datasets, which we also initially tried. However, we
found that this setting produced slices that were too
easy (no errors within the slices). Thus, we matched
the authors’ blog post applying DOMINO to ImageNet”,
conducting final experiments with v = 40. (Larger val-
ues of v resulted in too much cluster incoherency.)

In our experiments, we evaluated two variations
of DOMINO, which use the same image -clusters
but differ in their captioning strategy. The first,
DomiNo (BERT), is the original proposal in [12]; to
caption a cluster, DomMINO (BERT) samples 250,000
BERT or Wikipedia completions, per cluster, of a set
of templated captions; we provide the templates we
used in Listing 2. Each cluster is then matched to
the caption with the highest cosine similarity in CLIP
space. We note that in the original paper, the authors
used only one template: “a photo of a [MASK]”; our
modifications to this template account for the fact that
all clusters are about a certain class (e.g. clusters of
banana images). Thus, we enforce that the label (ba-
nana) appears in the caption by populating {LABEL}
in the template with the appropriate class name. We
also compared against our own variation of DOMINO,
DomiNO (OFA), which uses Alibaba’s OFA-huge to
more coherently caption clusters. Here, we run OFA-
Huge over all examples in a cluster and select the in-
dividual caption that maximizes cosine similarity with
the cluster mean.

Coherency. When reporting failure rates for
DOMINO topics, we calculated failure rates only over
descriptions that were coherent. Descriptions were
deemed incoherent if they were nonsensical (e.g. “a
photo of setup by banana”, “a photo of skiing at

Thttps:/ /hazyresearch.stanford.edu/blog/2022-04-02-domino


https://github.com/HazyResearch/domino
https://github.com/HazyResearch/domino
https://hazyresearch.stanford.edu/blog/2022-04-02-domino

Listing 2: Templates used to generate captions for
Domino (BERT).

Listing 3: Topics from ADAVISION studied in Sections
4.3 and 4.4 in the main text.

a photo of {LABEL} and [MASK]
a photo of {LABEL} in [MASK]
a photo of [MASK] {LABEL}
[MASK] {LABEL} [MASK]

sandal”) or did not refer to the target category at
all (e.g. “three oranges and an apple on a white
background” or “a photo of promoter david lemon”
when the target is “lemon”). For reference, we include
the full list of DomiNno (BERT) descriptions for
ViT-H/14 in Listing 6, ResNet-50 in Listing 7, and the
list of DomMINO (OFA) descriptions for ViT-H/14 in
Listing 8 and ResNet-50 in Listing 9. In these lists,
we prepend an asterisk in front of coherent topics,
and we append the target category for each slice in
parentheses. Of the starred coherent descriptions, we
excluded three from evaluation because we could not
find any related images in LAION-5B: “a photo of
munitions and broom” (DoMiNO (BERT), ViT-H/14),
“a photo of primate and broom” (DomiNo (BERT),
ResNet-50), and “a large banana sitting in the middle
of an abandoned building” (DomiNO (OFA), both
ViT-H/14 and ResNet-50).

ADAVISION topics. We also include the ADAVI-
SION topics we compare to in Listing 3. Of the six cat-
egories {banana, broom, candle, lemon, sandal, wine
bottle}, we recruited one user per category to test ViT-
H/14 and generate topics, except for the categories can-
dle and wine bottle, which one of the authors tested in
a separate session. All users (including the author)
were limited to 20 minutes for testing, and they had
not explored ViT-H/14 on the tested class before.

D. Additional details for finetuning

In Section 4.4, we presented results from experi-
ments that show we can patch model performance on
bugs while maintaining or slightly improving accuracy
on the original ImageNet distribution, control topics,
and OOD evaluation sets. In these experiments, we
finetuned on 20 images from each of 30 buggy topics
(which we call the treatment topics). These treatment
topics are the same as in Section 4.3 / Appendix C,
listed in Listing 3. In this section, we discuss hyperpa-
rameter choices, list all control topics, and break down
OOD evaluation set gains by dataset.

Finetuning hyperparameters. We finetune ViT-
H/14 using a small, constant learning rate of le-5

banana next to a banana smoothie
banana on kitchen countertop

banana in wooden woven basket

banana next to banana bread

toy banana

broom by fireplace

witch flying on a broom

photo of a person holding a boxy broom
silhouette of a person flying on a broom
broom in closet

black-and-white clipart of a candle
creamy white candle in glass jar
christmas candle next to tea

candle by window in snowstorm

person holding a candle at a vigil
grating a lemon

cooking with lemon

lemon tea with lemon

lemon on pancake with condensed milk or honey
lemon clipart

a lot of toy sandals

flip flop door wreath

translucent sandals

colorful flip flops

sandal ornament in a tree

top of a champagne bottle

wine bottle in a wiry wine rack
champagne in a champagne holder

wine bottle in a suit case

wine bottle with a wine stopper

with the AdamW optimizer [23, 27] for five steps,
with weight decay 0.01, batch size 16, and random
square cropping for data augmentation. These hyper-
parameters were chosen in early experiments because
they only degrade in-distribution model performance
slightly. We report all results averaged over 3 ran-
dom seeds along with the corresponding standard de-
viations. When deduplicating evaluation data against
the finetuning data, we mark pairs as duplicates if their
CLIP cosine similarly > 0.95.

Control topics. We provide a list of the 19 con-
trol topics from Section 4.4 in Listing 4. These top-
ics were selected because they were semantically re-
lated to the treatment topics in Listing 3, but had
different labels. For example, the ADAVISION topic
person holding a boxy broom is visually similar to the
concept of “person holding a mop”, so we include
the latter as a control topic. Other control top-
ics are classes that were incorrectly predicted for a
topic (e.g., banana on kitchen countertop is frequently
predicted “microwave”, so we include “microwave in
kitchen” as a control topic). We checked performance
on these topics to make sure performance gains were



Listing 4: Control topics in Section 4.4 in the main
text. In parentheses, we list the topic found by ADAV1I-
SION with which the given control topic contrasts.

shopping basket (banana in wooden woven basket)

bread (banana next to banana bread)

dishwasher in kitchen (banana on kitchen
countertop)

microwave in kitchen (banana on kitchen
countertop)

eggnog (banana next to a banana smoothie,
lemon on pancake with condensed milk or
honey)

witch with cauldron (witch flying on a broom)

fireplace no broom (broom by fireplace)

mop (broom in closet,
photo of a person holding a boxy broom)

person holding mop (photo of a person holding
a boxy broom)

consomme (lemon tea with lemon)

black tea no lemon (lemon tea with lemon)

grated orange (grating a lemon)

pancake with condensed milk or honey no lemon
(lemon on pancake with condensed milk or
honey)

torch (person holding a candle at a vigil,
candle by window in snowstorm)

clog shoe (sandal)

beer bottle (top of a champagne bottle)

suit case (wine bottle in a suit case)

empty wine rack (wine bottle in a wiry wine
rack)

empty wire rack (wine bottle in a wiry wine
rack)

not due to the model forming new shortcuts.

Per-OOD evaluation set breakdown. In Tables 4
and 5, we provide a breakdown of the OOD evaluation
set performances; these were aggregated as an aver-
age in Table 2 of the main text. Table 4 displays the
accuracy on treatment classes in each of the OOD eval-
uation sets, and Table 5 displays the overall accuracy
in each of the OOD sets.

Effect on conceptually unrelated bugs. We eval-
uated whether finetuning on treatment topics af-
fected conceptually unrelated bugs. For each class
in {banana, broom, candle, lemon, sandal, wine bot-
tle}, we found two additional topics with high failure
rates (Listing 5), disjoint from the treatment topics in
Listing 3. We then measured performance on these
unrelated topics before and after finetuning, and we
compare to performance changes on the treatment and
control topics in Table 6. We see that finetuning on
treatment topic improves performance on semantically
unrelated bugs within the same set of classes, but gains
are smaller than on treatment topics.

Listing 5: Topics from ADAVISION studied in Sections
4.3 and 4.4 in the main text.

bananagrams

banana in fruit salad

curling broom on the ice
broomball with brooms

candle in mason jar with flower
hexagon candle

a lemon with a smiley face drawn on it
lemon on waffle

lace sandal

crocs

rows of wine bottles in a store
wine bottle in a wine fridge




Model ImageNet ImageNet V2 ImageNet-Sketch ImageNet-R ImageNet-A ObjectNet Avg. OOD

Before finetuning 87.7 65.0 86.1 89.2 65.6 84.3 78.0
Finetuning with baseline 93.1 (0.2) 71.7 (1.4) 90.9 (0.3) 90.5 (0.3) 71.2 (1.3) 86.4 (0.1) 82.1 (0.6)
Finetuning with ADAVISION 92.9 (0.4)  69.4 (0.8) 91.7 (0.5) 93.9 (0.2)  76.8 (1.5) 87.9 (0.2) 84.0 (0.2)

Table 4: Accuracies on treatment classes, before and after finetuning. Results are averaged over three random seeds.

Model ImageNet ImageNet V2 ImageNet-Sketch ImageNet-R ImageNet-A ObjectNet Avg. OOD
Before finetuning 88.4 81.0 64.4 89.1 83.9 69.9 7T
Finetuning with baseline 88.5 (0.0)  81.3 (0.0) 64.5 (0.0) 89.2 (0.1) 84.4 (0.1) 70.5 (0.2)  78.0 (0.1)
Finetuning with ADAVIsION  88.4 (0.0) 80.9 (0.1) 64.7 (0.0) 90.0 (0.0) 84.9 (0.0) 70.5 (0.0) 78.2 (0.0)

Table 5: Accuracies on all classes, before and after finetuning. Results are averaged over three random seeds.

Model Treatment Topics Control Topics Unrelated Topics
Before finetuning 72.6 91.3 61.0

Finetuning with baseline 82.5 (0.9) 90.8 (0.3) 65.6 (0.8)
Finetuning with ApaVisioNn 91.2 (0.5) 91.2 (0.2) 74.7 (2.0)

Table 6: Accuracies on treatment, control, and unrelated topics. Finetuning on treatment topic improves performance on
semantically unrelated bugs within the same set of classes, but gains are smaller than on treatment topics.

Listing 6: Slice descriptions generated by DoMiNO (BERT) for target model ViT-H/14. Asterisks in front of
coherent topics.

a photo of setup by banana (banana)

*a photo of wine and banana (banana)

*a photo of ceramics and banana (banana)
*a photo of basket and banana (banana)

*a photo of munitions and broom (broom)

a photo of activist david broom (broom)

a photo of synthesizer. broom (broom)

*a photo of wildlife at broom (broom)

a photo of violinist jenny broom (broom)
*a photo of literature and candle (candle)
a photo of panchayats candle (candle)

*a photo of altarpiece and candle (candle)
a photo of rob and candle (candle)

a photo of corella lemon (lemon)

*a photo of blender lemon (lemon)

photo of promoter david lemon (lemon)

a photo of clown billy lemon (lemon)

a photo of estadio jose lemon (lemon)

a photo of rowing on sandal (sandal)

a photo of nana and sandal (sandal)
a
a
a

[

photo of placental sandal (sandal)
photo of skiing at sandal (sandal)
photo of screenwriter michael sandal (sandal)
a photo of shelter and wine bottle (wine bottle)
*a photo of champange wine bottle (wine bottle)
*a photo of bakery and wine bottle (wine bottle)
*a photo of advertisement on wine bottle (wine bottle)
*a photo of grocery stores wine bottle (wine bottle)




Listing 7: Slice descriptions generated by DoMINO (BERT) for target model ResNet-50. Asterisks in front of
coherent topics.

*a photo of ceramics and banana (banana)

a photo of reception by banana (banana)

*a photo of orange and banana (banana)

a photo of neutron star banana (banana)

a photo of architect paul banana (banana)

a photo of singer jenny broom (broom)

a photo of rowing on broom (broom)

*a photo of ormnate old broom (broom)

*a photo of factory of broom (broom)

*a photo of primate and broom (broom)

*a photo of blowing the candle (candle)

a photo of consultant john candle (candle)

*a photo of colorful birds candle (candle)

a photo of swamy candle (candle)

*a photo of candle in entryway (candle)

red lemonade series. (lemon)

liz lemon and the observer (lemon)

keith lemon and david bowie (lemon)

liz lemon and the batman (lemon)

a photo of lemon bay shuttle (lemon)

a photo of cognitive development sandal (sandal)
a photo of drilling the sandal (sandal)

a photo of lecture at sandal (sandal)

*a photo of frozemn black sandal (sandal)

a photo of longevity by sandal (sandal)

*a photo of golden wine bottle (wine bottle)

a photo of autopsy wine bottle (wine bottle)
*a photo of home and wine bottle (wine bottle)
a photo of libertarian wine bottle (wine bottle)
a photo of estadio wine bottle (wine bottle)




Listing 8: Slice descriptions generated by DoMINO (OFA) for target model ViT-H/14. Asterisks in front of coherent
topics.

a plate on a table with knives and forks (banana)

*a banana next to a bottle of wine and a glass (banana)

*a kitchen counter with bananas and a pineapple on it (banana)
*a banana and two pears in a red basket (banana)

*a large banana sitting in the middle of an abandoned building (banana)
three mops and a bucket against a brick wall (broom)

a man holding a baseball bat in a room (broom)

a woman in a blue dress is looking at a computer (broom)

a green praying mantis standing on a piece of wood (broom)

*a woman sitting on a chair holding a broom (broom)

*a carved pumpkin with a candle in the middle (candle)

*a candle sitting on the ground on a brick floor (candle)

*a group of 1lit candles in front of a stained glass window (candle)
*a man sitting at a table with candles (candle)

a white bird perched on a tree branch eating (lemon)

*a pitcher pouring lemonade into a glass with lemons (lemon)
three oranges and an apple on a white background (lemon)

a display of tomatoes and other vegetables (lemon)

a bunch of oranges sitting on top of a table (lemon)

a pair of shoes sitting on top of a skateboard (sandal)

a woman holding a small child on her lap (sandal)

*a pink crocheted sandal with a flower on it (sandal)

*a person is wearing a black sandal on their foot (sandal)

a woman laying on a bed with a laptop (sandal)

a group of small bottles of liquor on a table (wine bottle)

*a bottle of champagne in a bowl on a table (wine bottle)

*a bottle of wine and a paper on a counter (wine bottle)

*a glass of wine and a bottle on a table (wine bottle)

*a bottle of wine and a cigar on a table (wine bottle)




Listing 9: Slice descriptions generated by DoMINO (OFA) for target model ResNet-50. Asterisks in front of
coherent topics.

*a green bowl with some bananas and a piece of fruit (banana)

a plate on a table with knives and forks (banana)

*a bowl of oranges and bananas on a table (banana)

*a banana and two pears in a red basket (banana)

*a large banana sitting in the middle of an abandoned building (banana)
*a broom sitting on the floor in front of a wooden door (broom)

a group of people holding a large wooden stick (broom)

*a close up of a broom with a wooden handle (broom)

three mops and a bucket against a brick wall (broom)

*a broom hanging on the side of a porch (broom)

*a baby girl sitting in front of a birthday cake with a candle (candle)
*a little girl is holding a candle and looking up (candle)

*a group of 1lit candles in front of a stained glass window (candle)
*a candle sitting on the ground on a brick floor (candle)

*a candle sitting on top of a wooden table (candle)

a group of sliced oranges and kiwi fruit (lemon)

*a pitcher pouring juice into a glass with lemons (lemon)

three oranges and an apple on a white background (lemon)

*a lemon with a smiley face drawn on it (lemon)

*a bowl filled with oranges and a lemon (lemon)

a pair of snoopy shoes and a box on a green table (sandal)

*a woman is wearing a pair of sandals on her feet (sandal)

*a woman wearing sandals standing on a concrete floor (sandal)

a pair of shoes sitting on top of a magazine (sandal)

*two pictures of a woman wearing a pair of sandals (sandal)

*a vase of roses and two bottles of wine (wine bottle)

*a cake with a bottle of wine in a box (wine bottle)

*a bottle of wine and grapes on a counter with a glass (wine bottle)
*a woman next to a row of wine bottles (wine bottle)

*a bottle of wine and a cigar on a table (wine bottle)
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