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Abstract

Despite the great performance of deep learning models in
many areas, they still make mistakes and underperform on
certain subsets of data, i.e. error slices. Given a trained
model, it is important to identify its semantically coherent er-
ror slices that are easy to interpret, which is referred to as the
error slice discovery problem. However, there is no proper
metric of slice coherence without relying on extra informa-
tion like predefined slice labels. Current evaluation of slice
coherence requires access to predefined slices formulated by
metadata like attributes or subclasses. Its validity heavily re-
lies on the quality and abundance of metadata, where some
possible patterns could be ignored. Besides, current algo-
rithms cannot directly incorporate the constraint of coherence
into their optimization objective due to absence of an explicit
coherence metric, which could potentially hinder their effec-
tiveness. In this paper, we propose manifold compactness, a
coherence metric without reliance on extra information by in-
corporating the data geometry property into its design, and
experiments on typical datasets empirically validate the ratio-
nality of the metric. Then we develop Manifold Compactness
based error Slice Discovery (MCSD), a novel algorithm that
directly treats risk and coherence as the optimization objec-
tive, and is flexible to be applied to models of various tasks.
Extensive experiments on the benchmark and case studies on
other typical datasets demonstrate the superiority of MCSD.

Introduction

In recent years, with the enhancement of computational
power, neural networks have achieved significant progress in
numerous tasks (Achiam et al. 2023; Liu et al. 2023a; Tian,
Ye, and Doermann 2025). Despite their impressive overall
performance, they are far from perfect, and still suffer from
performance degradation on some subpopulations (Yang
et al. 2023). This substantially hinders their application in
risk-sensitive scenarios like medical imaging (Yang et al.
2024), autonomous driving (Chen et al. 2024), etc., where
model mistakes may result in catastrophic consequences.
Therefore, to avoid the misuse of models, it is a fundamental
problem to identify subsets (or slices) where a given model
tends to underperform. Moreover, we would like to find co-
herent interpretable semantic patterns in the underperform-

*Corresponding author
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

27925

ing slices. For example, a facial recognition model may un-
derperform in certain demographic groups like elderly fe-
males. An autonomous driving system may fail in the face
of steep road conditions. Identifying such coherent patterns
could help us understand model failures, and we could em-
ploy straightforward solutions for improvement like collect-
ing new data (Liu et al. 2023b) or upweighting samples in
error slices (Liu et al. 2021).

Previously, works of error slice discovery (d’Eon et al.
2022; Wang et al. 2023) aim for this goal. Despite the em-
phasis on coherence in error slice discovery, there is no
proper metric to assess the coherence of a given slice without
additional information like predefined slice labels. On one
hand, this impairs the efficacy of the evaluation paradigm of
error slice discovery. In the current benchmark (Eyuboglu
et al. 2022), with the help of metadata like attributes or sub-
classes, it predefines slices that are already semantically co-
herent, and they depict the coherence of a slice discovered by
a specific algorithm via the matching degrees between it and
the predefined underperforming slices, so as to evaluate the
effectiveness of the algorithm. Such practice heavily relies
on not only the availability but also the quality of metadata,
whose annotations are usually expensive, and may overlook
model failure patterns not captured by existing metadata. On
the other hand, due to the absence of an explicit coherence
metric, current algorithms can only indirectly incorporate
the constraint of coherence into their design, e.g. via clus-
tering (Eyuboglu et al. 2022; Wang et al. 2023; Plumb et al.
2023), without treating it as a direct optimization objective.
This could potentially impede the development of more ef-
fective error slice discovery algorithms.

In this paper, inspired by the data geometry property that
high dimensional data tends to lie on a low-dimensional
manifold (Belkin and Niyogi 2003; Roweis and Saul 2000;
Tenenbaum, Silva, and Langford 2000), we incorporate this
property to propose manifold compactness as the metric of
coherence given a slice, which does not require additional
information. We illustrate the validity of the metric by show-
ing that it captures semantic patterns better than depicting
coherence via metrics directly calculated in Euclidean space,
and is empirically consistent with current evaluation met-
rics that require predefined slice labels. Then we propose a
novel and flexible algorithm named Manifold Compactness
based error Slice Discovery (MCSD) that jointly optimizes
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Figure 1: Illustration of MCSD. Blue points are correctly
classified by the given trained model, while red ones are
wrongly classified. The trained model achieves a good over-
all accuracy, but exhibit a high error in a certain slice.

the average risk and manifold compactness to identify the
error slice. Thus both the risk and coherence, i.e. the desired
properties of error slices are explicitly treated as the opti-
mization objective. We illustrate our algorithm in Figure 1.
Besides, our algorithm can be directly applied to trained
models of different tasks while most error slice discovery
methods are restricted to classification only. We provide the-
oretical analyses of the algorithm. We conduct experiments
on dcbench (Eyuboglu et al. 2022) to demonstrate our al-
gorithm’s superiority compared with existing ones. We also
provide several case studies on different types of datasets
and tasks to showcase the effectiveness and flexibility of our
algorithm. Our contributions are summarized below:

* We define manifold compactness as the metric of slice
coherence without additional information. We empiri-
cally show that it captures semantic patterns well, prov-
ing its rationality.

We propose MCSD, a flexible algorithm that directly in-
corporates the desired properties of error slices, i.e. risk
and coherence, into the optimization objective. It can also
be applied to trained models of various tasks.

We provide theoretical analyses of the algorithm. We
conduct experiments on the error slice discovery bench-
mark to show that our algorithm outperforms existing
ones, and we perform diverse case studies to demonstrate
the usefulness and flexibility of our algorithm.

Problem

Due to space limit, we leave the section of related works
in Appendix. Unless stated otherwise, for random variables,
we use uppercase letters, in contrast to a concrete dataset
where we use lowercase letters. Consider classic supervised
learning. The input variable is denoted as X € A and the
outcome is denoted as Y € ), whose joint distribution is
P(X,Y). There exist multiple slices, where j-th slice can
be represented as a slice label variable S\/) € {0,1}. For
classic supervised learning, the goal is to learn a model
fo + & — Y with parameter 6. Denote ¢ : Y X )V +—
[0, +00] as the loss function. Current machine learning al-
gorithms are capable of learning models with a satisfying
overall performance, which can be demonstrated via a low
risk Ep[l(fy(X),Y)] over the whole population. However,
performance degradation could still occur in a certain sub-
population or slice. Here we introduce error slice discovery:
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Problem 0.1 (Error Slice Discovery). Given a fixed pre-
diction model fy, X +— Y and a validation dataset
Dyy = {(x}*, y/*)}:>*, we aim to develop an algorithm A
that takes D,, and fp, as input, and learns slicing func-

tions ¢) © X x ¥ — {0,1},1 < j < K. Denote
the output of j-th slicing function as S*j, We require that
the risk in the slice is higher than the population-level risk
by a certain threshold: Ey - p(x yg,21) [(fo(X),Y)] >
Exy~px,y)[€(fo(X),Y)] + ¢, and the discovered slice is
as coherent as possible for convenience of interpretation.

The reason why we require an extra validation dataset
to implement error slice discovery is that for deep learn-
ing models, training data is usually fitted well enough or
even nearly perfect. Thus model mistakes on training data
carry much less information on models’ generalization abil-
ity. This is common practice in previous works (d’Eon et al.
2022; Eyuboglu et al. 2022; Wang et al. 2023). Without
ambiguity, we omit the superscript or subscript of “va” for
n, x;,y; for convenience in the next two sections.

Metric

Due to the absence of a proper metric for coherence that
is independent of additional information, the current bench-
mark (Eyuboglu et al. 2022) provides numerous datasets,
trained models, and their predefined underperforming slice
labels. They employ precision@k, i.e. the proportion of the
top k elements in the discovered slice belonging to the pre-
defined ground-truth error slice as the metric of slice coher-
ence to evaluate error slice discovery algorithms. Although
such practice is reasonable to some extent, its effectiveness
of evaluation strongly relies on the quality of metadata that
composes the underperforming slice labels, which might be
not even available under many circumstances.

To eliminate the requirement of predefined slices, we try
to propose a new metric of coherence. It is commonly ac-
knowledged that high-dimensional data usually lies on a
low-dimensional manifold (Belkin and Niyogi 2003; Roweis
and Saul 2000; Tenenbaum, Silva, and Langford 2000). In
this case, while direct usage of Euclidean distance cannot
properly capture the dissimilarity between data points, the
geodesic distance in the metric space of the manifold can.
For preliminary justification, here we provide visualization
analyses based on different types of dimension-reduction
techniques. Among these techniques, PCA mainly preserves
pairwise Euclidean distances between data points while t-
SNE and UMAP are both manifold learning techniques. In
Figure 2, blue dots are correctly classified by the trained
model and red dots are wrongly classified. We can see that
the visualization of t-SNE and UMAP shows much clearer
clustering structures than that of PCA, either having a larger
number of clusters or exhibiting larger margins between
clusters. This indicates that it could be better to measure co-
herence in the metric space of a manifold than in the original
Euclidean space. Due to space limit, we only present results
of the widely adopted facial dataset CelebA (Liu et al. 2015)
here, leaving results of other datasets in Appendix, where
the same conclusion holds.
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Figure 2: Category “Blond Hair” of CelebA. Visualization of t-SNE and UMAP (manifold-based dimension reduction) shows
much clearer clustering structures than that of PCA (mainly preserving Euclidean distances between data points). Thus it could
be better to measure coherence in the metric space of a manifold than using metrics directly calculated in Euclidean space.

Therefore, we attempt to define a metric of coherence in-
side the discovered slice via compactness in the data man-
ifold. In practice, a manifold can be treated as a graph
G (Melas-Kyriazi 2020), and we can apply graph learn-
ing methods like k-nearest neighbor (kNN) to approxi-

mate it (Dann et al. 2022). Given an identified slice S =
{(zi,v:)|8; = 1}, where §; is the output of the slicing func-
tion on i-th sample, we define manifold compactness as:

Definition 0.2 (Manifold Compactness). Consider a given
approximation of the data manifold, i.e. a weighted graph
G = (V,E,Q). The node set V' = {v;}; corresponds to
the dataset {(x;,y;)}i—. The edge set E = {e;;}1<i j<n.
where e;; represents whether node v; and v; are connected
in the graph G. The weights Q = {g;;}1<; j<n, Where ¢;;
represents the weight of edge ¢;;. Given a slice S, the man-
ifold compactness of it can be defined as:

DS

MC(S) = —
(Iivyi)’(wjvyj)eg

Qij (1)

S

This metric is the average weighted degree of nodes of the
induced subgraph, whose vertex set corresponds to the slice.
The higher it is, the denser or more compact the subgraph
is, implying a more coherent slice. Note that when applying
this to evaluate multiple slice discovery algorithms, for con-
venience of comparison, we control the size of S for those
algorithms to be the same by taking the top an data points
sorted by the slicing function’s prediction probability. Here
n is the size of the dataset and o € (0,1] is a fixed pro-
portion. The operation of selecting data points with highest
prediction probabilities is akin to calculating precision@#k
in dcbench (Eyuboglu et al. 2022).

Next, we try to demonstrate the validity and advantages
of our proposed coherence metric. A common and represen-
tative metric of coherence directly calculated in Euclidean
space is variance. Thus we measure variance and manifold
compactness respectively on different semantically prede-
fined slices of CelebA (Liu et al. 2015). We use the binary
label y to indicate whether the person has blond hair or not,
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Figure 3: Percentage of increase of manifold compactness
(“Comp.”) and decrease of variance (“Var.”) from coarse-
grained slices to fine-grained ones in CelebA. For mani-
fold compactness, there is always a positive increase from
coarse-grained slices to fine-grained slices. However, in
some cases, variance fails to decrease from coarse-grained
slices to fine-grained slices as expected, which are marked
in red arrows. This could imply that manifold compactness
is better at capturing semantic coherence than variance does.

and a to indicate whether the person is male or not. The val-
ues of y and a can formulate slices of different granularity. In
Figure 3, the most coarse-grained slice is the whole dataset
(the darkest circle in the center), the most fine-grained slice
is the combination of y and a (the lightest circles in the four
corners), and slices of the middle granularity are formulated
by either of y and a. Figure 3 shows the percentage of the
increase of manifold compactness and the decrease of vari-
ance with directed arrows from semantically coarse-grained
slices to fine-grained ones. It is intuitive that these digits are
supposed to be positive if these two metrics could prop-
erly measure semantic coherence. However, for variance,
in some cases the value of the more coarse-grained slice
is even smaller than the more fine-grained, marked in red
arrows. For manifold compactness, there is always a posi-
tive increase from semantically coarse-grained slices to fine-
grained slices. In this way, we demonstrate that manifold
compactness is better at capturing semantic coherence than
variance does. Still due to the space limit, we only provide



Algorithm 1: Manifold Compactness based Error Slice Dis-
covery (MCSD)

Input:

Validation dataset: D = {(z,y;)} 1.

The trained model to be evaluated: fg, : X — V.
Size of the slice as a proportion of the dataset: a.
Coherence coefficient \.

A pretrained feature extractor: hy, : X — Z.

QOutput: The identified error slice S.
fori =1tondo
Calculate the embedding: z; = hy, .
Calculate model prediction loss: I; = (g, (x;), yi)-
end for
Establish the kNN graph G = (V, E, Q) based on the
embeddings {z; }7_;.
Formulate the quadratic programming problem with vari-
ables {w; }7_; as Equation (2).
Employ Gurobi to solve the problem in Equation (2).
fori =1tondo
$; = 1if w; > a-Quantile of {w; }?_; else 0.
end for
return: S = {(x;,y;)]8; = 1}

(lfz'
=/

results of CelebA here, and leave detailed values and results
of other datasets, along with comparisons against other met-
rics directly calculated in Euclidean space like Median Ab-
solute Deviation (MedianAD) in Appendix, where we reach
the same conclusion. Besides, in Table 1 of Section Exper-
iments, we have also empirically shown that the rank order
of the four methods according to precision metrics is gen-
erally the same as that of manifold compactness. Since the
precision metrics are based on predefined slice labels with
semantic meanings, it implies that our proposed coherence
metric could capture semantic patterns well and is appropri-
ate for evaluation of slice discovery algorithms even when
predefined slice labels are absent.

Algorithm

We introduce Manifold Compactness based error Slice
Discovery (MCSD), a novel error slice discovery algorithm
that incorporates the data geometry property by taking man-
ifold compactness into account. In this way, the metrics of
both risk and coherence can be treated as the explicit ob-
jective of optimization, thus better enabling the identified
error slice to exhibit consistent and easy-understanding se-
mantic meanings. The detailed algorithm is described in Al-
gorithm 1. It is worth noting that although we mainly focus
on the identified worst-performing slice for convenience of
analyses and comparison, our algorithm could discover more
error slices by removing the first discovered slice from the
validation dataset and applying our algorithm repeatedly to
the rest of the dataset for more error slices. Related experi-
ments and analyses are included in Appendix.

First, we approximate the data manifold via a graph. To
facilitate the graph learning approach, we obtain the embed-
dings of the dataset via a pretrained feature extractor (Rad-
ford et al. 2021), i.e. z; = hye(x;), which follows previous
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works of error slice discovery (Eyuboglu et al. 2022; Wang
et al. 2023). Then we construct a kNN graph G = (V, E, Q)
based on the embeddings {z; } 7 ;, which is a widely adopted
manifold learning approach (Zemel and Carreira-Perpifidn
2004; Pedronette, Gongalves, and Guilherme 2018; Dann
et al. 2022). In the graph G, the edge weight ¢;; = 1 if
z; is among the k nearest neighbors of z;, or else ¢;; = 0.

For the convenience of optimization, instead of direct hard
selection, we assign a sample weight w; for each (z;,y;),
which is the variable to be optimized and is restricted in the
range [0, 1]. We theoretically prove the equivalence between
hard selection and sample weight optimization in Appendix.
Considering the model risk, we employ the weighted aver-
age mean of loss Y ., w;l; as our optimization objective,
where l; = ¢(fg,(x;),y;) is the model prediction loss of ith
sample given fp,. Considering coherence, we adopt mani-
fold compactness in Definition 0.2 as the optimization ob-
jective, ie. 331, D7) wiw;qi;. We add these two objec-
tives with a hyperparameter A\. We also restrict the size of
the identified slice to be no more than a proportion « of the
dataset. Thus we formulate the optimization problem as a
quadratic programming (QP) problem:

S wili A 0> wiwjgi

max
{wikie, =1 j—1
" 2
s.t. sz < an
i=1
0<w; <1, Vi<i<n

The above QP problem can be solved by classic opti-
mization algorithms or powerful mathematical optimization
solvers like Gurobi (Gurobi Optimization 2021). After solv-
ing for the proper sample weights {w;}1_,, we select the top
an samples sorted by the weights as the error slice S. Note
that in most previous algorithms’ workflow, they require pre-
diction probabilities as input (Eyuboglu et al. 2022; Plumb
et al. 2023; Wang et al. 2023), thus only applicable to classi-
fication, while our algorithm takes prediction loss as input,
naturally more flexible and applicable to various tasks.

Experiments

In this section, we conduct extensive experiments to demon-
strate the validity of our proposed metric and the advan-
tages of our algorithm MCSD compared with previous meth-
ods. For quantitative results, we conduct experiments on the
error slice discovery benchmark dcbench (Eyuboglu et al.
2022). Besides, we conduct experiments on other types of
datasets like classification for medical images (Irvin et al.
2019), object detection for driving (Yu et al. 2020), and
detection of toxic comments (Borkan et al. 2019), which
showcase the great potential of our algorithm to be applied
to various tasks. The baselines we compare with are Spot-
light (d’Eon et al. 2022), Domino (Eyuboglu et al. 2022),
and PlaneSpot (Plumb et al. 2023). More experimental de-
tails are included in Appendix.

For evaluation, we compute manifold compactness as the
main coherence metric along with the average performance



Metric | Precision@10 (%) 1 | Precision@25 (%) 1 | Average Precision (%) 1 | Manifold Comp.t
Method | Corr. Rare Noisy | Corr. Rare Noisy | Corr. Rare  Noisy | Corr. Rare Noisy
Spotlight | 32.3 287 432 | 322 264 409 | 289 164 22.7 478 2.67 4.20
Domino 362 525 517 33.8 523 50.0 | 299 37.7 31.3 4.14 4.06 5.53
PlaneSpot | 26.1 18.1 294 | 223 18.1 27.8 21.8 143 18.8 293 159 330
MCSD 474 61.1 60.6 | 456 598 574 | 403 524 384 622 7.81 871

Table 1: Results of dcbench. We mark the best method in bold type and underline the second-best in terms of each metric.
“Comp.” means ‘“Manifold Compactness”. “Corr.” means “Correlation”. “%” indicates the digits are percentage values.

of the given model fy, on the identified slice S. For clas-
sification, the performance metric is accuracy. For object
detection, it is Average Precision (AP). Note that there are
two aspects of evaluation simultaneously. In this case, we
put more emphasis on coherence than performance, since
we only require the performance of the identified slice to
be low to a certain degree but expect it to be as coherent as
possible for the benefits of interpretation. This is similar to
dcbench (Eyuboglu et al. 2022) where coherence outweighs
performance and is chosen as the main evaluation metric.

For running time comparison and related analyses of our
method and the baselines, we leave results in Appendix. For
the choice and analyses of hyperparameters, we leave them
in Appendix. For the improvement of the original models
utilizing the discovered error slices, we leave results in Ap-
pendix. Due to space limit, we put more examples including
those of Spotlight and PlaneSpot in Appendix, about 20 im-
ages for each identified slice.

Benchmark Results: Dcbench

Dcbench (Eyuboglu et al. 2022) offers 886 publicly avail-
able settings for error slice discovery. Each setting consists
of a trained ResNet-18 (He et al. 2016), a validation dataset
and a test dataset, both with predefined underperforming
slice labels. The validation dataset and its error slice la-
bels are taken as input of slice discovery methods, while
the test dataset and its error slice labels are used for eval-
uation. There are three types of slices in dcbench: correla-
tion slices, rare slices, and noisy label slices. The correlation
slices are generated from CelebA (Liu et al. 2015), while the
other two types of slices are generated from ImageNet (Deng
et al. 2009). More details are included in Appendix. In terms
of evaluation metrics, we employ precision@k and average
precision following dcbench’s practice, where precision@#k
is the proportion of samples with top k£ highest probabili-
ties output by the learned slicing function that belongs to the
predefined underperforming slice, and average precision is
calculated based on precision@k with different values of k.
We also calculate manifold compactness as Definition 0.2.
For all these metrics, a higher value indicates higher coher-
ence of the identified slice, thus implying a more effective
algorithm capable of error slice discovery.

Effectiveness of our method Table 1 shows that MCSD
outperforms other methods across all three types of er-
ror slices in precision@ 10, precision@25, average preci-
sion, and manifold compactness. This greatly exhibits the
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strengths of our method compared with existing ones in error
slice discovery. Among the baselines, Domino consistently
ranks 2nd, also showing a fair performance.

Validity of our metric It is also worth noting that the pro-
posed metric manifold compactness shows a strong consis-
tency with other metrics. Table 1 shows that the rank order
of the four methods based on precision metrics is usually
MCSD, Domino, Spotlight, PlaneSpot, the same as the rank
order based on manifold compactness, except for the corre-
lation slice where the rank order of Domino and Spotlight
switches. While other metrics require access to predefined
labels of underperforming slices, our metric does not. This
demonstrates the validity and advantages of our proposed
manifold compactness when measuring coherence and eval-
uating error slice discovery algorithms.

Case Study: CelebA

CelebA (Liu et al. 2015) is a large facial dataset of 202,599
images, each with annotations of 40 binary attributes. In
the setting of subpopulation shift, it is the most widely
adopted dataset since it is easy to generate spurious cor-
relations between two specific attributes by downsampling
the dataset (Yang et al. 2023; Sagawa et al. 2019; Liu et al.
2021). Different from settings in dcbench, in this case study
we follow Sagawa et al. (2019) to treat the binary label of
blond hair as the target of prediction and directly use the
whole dataset of CelebA (Liu et al. 2015) without downsam-
pling, thus closer to the real scenario. In terms of implemen-
tation details, we employ the default data split provided by
CelebA and follow the training process of ERM in (Sagawa
et al. 2019) to train a ResNet-50. We apply error slice dis-
covery algorithms on both categories respectively, thus tak-
ing advantage of outcome labels that are known during slice
discovery. We also illustrate results of directly selecting top
ang samples sorted by prediction losses.

From Table 2, we can see that for both categories of
CelebA, our algorithm identifies the most coherent under-
performing slice in terms of manifold compactness, where
higher is better. Although it ranks 2nd for the category of
blond hair in terms of accuracy, where lower is better, for
the task of error slice discovery, we put more emphasis on
coherence since we want the identified slices to be inter-
pretable, and we only require the performance of the slice to
be lower than a threshold compared with the overall perfor-
mance. In Figure 4, left five columns and right five columns
are from two categories separately. Four rows correspond to



Blond Hair? | Yes | No
Method | Acc. (%)) Comp.t | Acc. (%)) Comp.t
Spotlight 26.3 571 65.9 3.35
Domino 34.6 6.07 82.1 3.58
PlaneSpot 68.4 2.92 93.6 1.13
MCSD 33.8 8.09 75.7 5.54
Overall | 764 - | 982 -

Table 2: Results on CelebA and the overall accuracy of the
trained model. “Acc.” means “Accuracy”. “Comp.” means
“Manifold Compactness”. We mark the best method in bold
type and underline the second-best. “%” indicates the digits
are percentage values.

Figure 4: Images randomly sampled from slices of CelebA.
Left five columns are results of the category “Blond Hair”.
Right five columns are results of the category “Not Blond
Hair”. We can see that MCSD is capable of finding error
slices that are more coherent than others.

randomly sampled images from different sources: the error
slice that Domino identifies, the error slice that MCSD iden-
tifies, top ang samples sorted by the loss, and all samples
of the corresponding category. We can see that images from
the error slice identified by MCSD obviously exhibit more
coherent characteristics than others.

For the category of blond hair, images in the row of
MCSD are all faces of males, conforming to the intuition
that models may learn the spurious correlation between
blond hair and female, and could be inclined to make mis-
takes in subgroups like males with blond hair in the row of
MCSD. Although more than half of the images for Domino
in the blond hair category are also males, its coherence is
much smaller than that of MCSD, making it hard for hu-
mans to interpret the failure pattern when compared with im-
ages of the whole population. Besides, in the third row, when
simply taking account of the prediction loss to select risky
samples, it is also difficult to extract the common pattern.
For the category of not blond hair, although both Domino
and sorting-by-loss can extract the pattern of faces being fe-
male with brown hair or blond hair (label noise), MCSD
identifies more detailed common characteristics that faces
in the images are not only female, but bear vintage styles
like in the 20th century, which also constitute a riskier slice
than Domino in terms of accuracy. It is also worth noting
that MCSD achieves a higher manifold compactness than
Domino in Table 2, consistent with that the identified slice
of MCSD exhibits more coherent semantics in Figure 4, fur-
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ther confirming the rationality of our coherence metric.

m | Yes | No
Method | Acc. (%)} Comp.t | Acc.(%)| Comp.t
Spotlight 19.5 2.10 64.9 4.70
Domino 31.5 1.53 88.4 2.82
PlaneSpot 42.8 3.66 69.5 3.17
MCSD 31.5 4.70 63.3 4.87
Overall | 455 - | 910 -

Table 3: Results on CheXpert and overall accuracy of the
trained model. “Acc.” means “Accuracy”. “Comp.” means
“Manifold Compactness”. We mark the best method in bold
type and underline the second-best. “%” indicates the digits
are percentage values.

________

Population

Figure 5: Images randomly sampled from slices of CheX-
pert. Left five columns are results of the category “Ill”. Right
five columns are results of the category “Healthy”. We can
see that MCSD is capable of finding error slices that are
more coherent than others.

Case Study: CheXpert

To demonstrate the effectiveness of our algorithm on other
types of data, we conduct experiments on a medical imaging
dataset, i.e. CheXpert (Irvin et al. 2019), where the task is
to predict whether patients are ill or not based on their chest
X-ray images. It contains 224,316 images from 65,240 pa-
tients. We follow the data split and training process of Yang
et al. (2023) to train a ResNet-50. Still, we apply algorithms
to images of ill and healthy patients respectively.

In Table 3, we can see that MCSD still achieves high-
est manifold compactness and relatively low slice accu-
racy in terms of the discovered error slice for both ill and
healthy patients. In Figure 5, for ill patients, images sam-
pled from the error slice discovered by MCSD are all taken
from the frontal view, while there are different views for im-
ages sampled from other sources. For healthy patients, im-
ages corresponding to MCSD are all taken from the left lat-
eral view, while other rows constitute images from different
views, making it difficult to extract the common risky pat-
tern. These results showcase MCSD’s usefulness in medical
imaging, which is a highly risk-sensitive task and deserves
more attention for error slice discovery and failure pattern
interpretation. Besides, the consistency of the order of co-
herence for MCSD and Domino in Table 3 and Figure 5 also
confirms the rationality of our proposed coherence metric.



Case Study: BDD100K

Category | Pedestrian |  Traffic Light
Method | AP (%)| Comp.t | AP(%)| Comp.t
Spotlight 57.3 2.05 46.3 2.61
MCSD 53.8 6.60 57.3 4.78
Overall | 714 - | 692 -

Table 4: Results of algorithms on BDD100K for two cat-
egories, along with the overall AP of the trained model.
“Comp.” means “Manifold Compactness”. We mark the best
method in bold type. “%” indicates that the digits are per-
centage values.

Figure 6: Images randomly sampled from slices of
BDDI100K. Left three columns are results of the category
“Pedestrian”. Right three columns are results of the category
“Traffic Light”. It shows that MCSD can find error slices that
are more coherent than others.

Compared with most previous algorithms (Eyuboglu et al.
2022; Wang et al. 2023; Plumb et al. 2023) requiring predic-
tion probabilities as a part of input and are only designed
for classification tasks, our algorithm is flexible to be em-
ployed in various tasks since it takes prediction losses as
input. To illustrate its benefits of extending to other tasks,
we conduct a case study on BDD100K (Yu et al. 2020), a
large-scale dataset composed of driving scenes with abun-
dant annotations. It includes ten tasks, of which we investi-
gate object detection in our paper. The number of images in
its object detection task is 79,863, which we split into train,
validation, and test datasets with the ratio 2:1:1. We train a
YOLOvV7 (Wang, Bochkovskiy, and Liao 2023) and try to
identify coherent error slices for it. We employ Average Pre-
cision (AP) as the performance metric that is widely adopted
in detection tasks. Of the 13 categories in the task, we select
2 categories with a relatively high overall performance and
a large sample size, i.e. pedestrian and traffic light. We ap-
ply our algorithm MCSD for each of them respectively. Note
that we do not compare with Domino or PlaneSpot since nei-
ther of them is applicable to tasks other than classification.

Table 4 shows that MCSD successfully identifies error
slices whose AP are lower than those of overall for both
categories, and whose coherence is higher than that of Spot-
light in terms of manifold compactness. In Figure 6, each
row corresponds to five images randomly sampled from a
given source. Left three columns correspond to the category
of pedestrians, while right three columns correspond to the
category of traffic lights. For both pedestrians and traffic
lights, samples from the source of MCSD are coherent in
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Toxic? | Yes | No

Method | Acc. (%)) Comp.t | Acc.(%)| Comp.t
Spotlight 48.6 5.10 91.0 7.33
Domino 56.1 5.98 87.9 6.55
PlaneSpot 46.3 1.65 96.5 2.99
MCSD 25.2 8.56 60.8 7.67
Overall | 612 - | 909 -

Table 5: Results on CivilComments, along with overall accu-
racy of the trained model. “Comp.” means “Manifold Com-
pactness”. We mark the best method in bold type. “%” indi-
cates that the digits are percentage values.

that they are all taken at night. This conforms to the intu-
ition that it is more difficult to recognize and locate objects
when the light is poor. However, directly sampling from the
high-loss images can hardly exhibit any common patterns.
This reveals the potential of MCSD to extend to other tasks.

Case Study: CivilComments

In addition to experiments on visual tasks, to demonstrate
the applicability of our method to other types of data,
we conduct experiments on CivilComments (Borkan et al.
2019), a text dataset of 244,436 comments included in pop-
ular distribution shift benchmarks (Yang et al. 2023; Koh
et al. 2021). Its task is to predict whether a given comment
is toxic or not. We follow the data split and training pro-
cess of Yang et al. (2023) to train a BERT},,e. We apply
algorithms to toxic and non-toxic comments respectively. In
Table 5, we can see that MCSD identifies slices of the low-
est accuracy and highest manifold compactness in both cat-
egories. We also list two parts of comments that are respec-
tively sampled from the slice identified by applying MCSD
to the “toxic” category and from all comments of “toxic” cat-
egory in Appendix (Warning: many of these comments are
severely offensive or sensitive), where each part contains 10
comments. We employ ChatGPT to tell the main difference
between the two parts of comments and the reply is “Part
1 is characterized by detailed, historical, and ethical discus-
sions with a critical stance on conservatism and a defense
of marginalized groups”. We further check and confirm that
comments in part 1, i.e. the slice identified by our method,
mostly present a positive attitude towards minority groups
in terms of gender, race, or religion. This implies that the
model tends to treat comments with excessively positive at-
titudes towards minority groups as non-toxic, some of which
are actually toxic. These results demonstrate our method’s
usefulness in text data.

Conclusion

In this paper, inspired by the data geometry property, we pro-
pose manifold compactness as a metric of slice coherence
without using predefined slice labels. Via explicit metrics,
we develop an algorithm that directly incorporates risk and
coherence into the optimization objective. We conduct com-
prehensive experiments to demonstrate both the validity of
our proposed metric and the superiority of our algorithm.
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