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Abstract

The deployment of machine learning solutions in real-
world scenarios often involves addressing the challenge of
out-of-distribution (OOD) detection. While significant ef-
forts have been devoted to OOD detection in classical su-
pervised settings, the context of weakly supervised learning,
particularly the Multiple Instance Learning (MIL) frame-
work, remains under-explored. In this study, we tackle this
challenge by adapting post-hoc OOD detection methods to
the MIL setting while introducing a novel benchmark specif-
ically designed to assess OOD detection performance in
weakly supervised scenarios. Across extensive experiments
based on diverse public datasets, KNN emerges as the best-
performing method overall. However, it exhibits significant
shortcomings on some datasets, emphasizing the complexity
of this under-explored and challenging topic. Our findings
shed light on the complex nature of OOD detection under
the MIL framework, emphasizing the importance of devel-
oping novel, robust, and reliable methods that can gener-
alize effectively in a weakly supervised context. The code
for the paper is available here: https://github.com/loic-
lb/OOD MIL.

1. Introduction
The rapid development of effective machine learning al-

gorithms has facilitated their widespread application across
diverse domains, including critical applications such as
medical diagnosis [19, 21]. Nevertheless, a crucial con-
cern, emphasized by Hendrycks and Gimpel [7], pertains to
the challenges faced by machine learning classifiers when
deployed in real-world scenarios where the distribution of
test and training data differs. Such discrepancies can re-
sult in dramatic situations where the model provides inac-
curate outputs due to variations in the input arising from
different sample collection or preparation protocols. These
disparities stem from the assumption made by most ma-
chine learning models that all inputs will be drawn from the
same distribution used during training process, known as

Figure 1. Example of bag sample created from CIFAR10 [12]. The
positive target class is dogs, and the negative classes are planes and
cars. The bag is labeled as positive as it contains two instances of
dogs.

the in-distribution (ID). Consequently, the uncertainty esti-
mation and detection of out-of-distribution (OOD) samples
become imperative for the successful application of these
algorithms. We distinguish two types of shifts between ID
and OOD: the semantic shift, where there is no class over-
lap between the two distributions, and covariate shift, where
the class can overlap, but the style of the input differs. In
the context of OOD detection, emphasis is typically placed
on the first type [28], while the second type is more closely
associated with domain generalization [11].

The problem of OOD detection has been extensively ad-
dressed in various research works, demonstrating promis-
ing performance across different ID datasets and OOD con-
ditions. As described in [29], these methods can be cate-
gorized into three main groups: post-hoc inference meth-
ods, which employ pretrained models without further train-
ing; methods that require retraining the model without the
use of OOD examples; and methods that necessitate new
training with additional OOD data. Among the post-hoc
methods, some authors proposed to compute the confidence
score directly by considering maximum softmax and logits
values derived from the outputs of the penultimate layer of
the network [6, 7], or employed energy measures based on
the last layer logits [16]. Some methods built upon these
ideas to improve the confidence score’s selectivity [14, 23],
while others focused on intermediate features constructing
distance-based measures [13, 24]. Methods that require re-
training often involve modifications to the core architecture,
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as illustrated by G-ODIN [9], or the introduction of an ad-
ditional loss function using OOD data during training [8].
However, such approaches may hinder the performance of
the base classifier and be too specific to the OOD set con-
sidered. Therefore, we have opted to focus on post-hoc
methods for OOD detection. These methods are particu-
larly appealing with their ease of use, compatibility with
various machine learning frameworks, and competitive per-
formance compared to other approaches on multiple bench-
marks.

In this study, we propose to adapt post-hoc OOD meth-
ods to the Multiple Instance Learning (MIL) framework.
Multiple Instance Learning (MIL) has emerged as a dom-
inant approach for weakly supervised image classification.
Initially introduced by Dietterich et al. [5] while exploring
drug activity prediction, MIL framework tackles the chal-
lenge of classifying a set of input images where individual
labels are unknown, with only access to a shared single la-
bel for the set. This set of images is commonly referred to
as a “bag,” and the individual images within it are referred
to as “instances.” An example of an input bag is illustrated
in Fig. 1. Since its introduction, MIL has found success-
ful applications in diverse medical domains, in particular
digital pathology [17, 25]. Uncertainty estimation has al-
ready been explored to improve Multiple Instance Learning
(MIL) approaches. For instance, in [4], uncertainty estima-
tion is leveraged to identify local artifacts in the input image
and enhance MIL generalization. Similarly, [22] employs
Gaussian processes to model the uncertainty of parameters
in AttentionMIL [10] to boost the model’s performance. Al-
though these approaches have the potential to provide un-
certainty estimates for predictions, they do not directly ad-
dress the problem of OOD detection.

To the best of our knowledge, this is the first attempt
to establish a benchmark for OOD detection in the context
of MIL. We assert that the assumptions and methodologies
underlying traditional post-hoc OOD detection approaches
may not be directly applicable to MIL models. The weak
supervision context in MIL, where instances are grouped
into bags and labeled at the bag level, introduces perturba-
tions into the feature representations and outputs. Conse-
quently, the quality of the embeddings and predictions in
the MIL setting may not be as reliable as in the traditional
supervised setting. In particular, the main contributions of
this work can be summarised as:

• We present the first study that evaluates different post-
hoc OOD methods in the MIL setting, discussing and
comparing their performances.

• We use common datasets and organize them in a MIL
setting, focusing mainly on semantic shift.

All our code and datasets will be made publicly avail-
able to help other teams to focus on this challenging and

under-explored topic. Our extensive benchmarks highlight
the need for more specialized methods for OOD in the MIL
settings.

2. Methods
2.1. Multiple Instance Learning

Consider a classical binary supervised classification
problem where the objective is to predict a binary label,
denoted as Y ∈ {0, 1}, based on an input X . Within
the framework of Multiple Instance Learning (MIL), the
variable X represents a collection of instances denoted as
X = {x1, ..., xn}, where the individual instance labels
{y1, ..., yn} are unknown. Following the initial formula-
tion by Dietterich et al. [5], we assume that Y is positive
(Y = 1) if at least one of the instances xi has a positive
label (yi = 1), else Y is considered negative (Y = 0).

MIL models commonly consist of three main compo-
nents: an instance embedder f , mapping each input xi ∈
RD to a lower-dimensional vector representation hi ∈ RM ;
a permutation-invariant pooling operator θ, combining all
the instance representations extracted from X into a single
representation h ∈ RM ; and a classifier g that generates the
final classification score based on the pooled representation.
For the image classification task, the instance embedder f
typically consists of a CNN architecture, while the classi-
fier g is a simple linear layer. As for the pooling operator θ,
we adopt the gated attention mechanism proposed by Ilse et
al. [10]. Let H = {h1, ..., hn} denote the collection of the
representation extracted from X using the embedder f . The
gated attention pooling mechanism is defined as follows:

h =

n∑
i=1

aihi (1)

where,

ai =
exp{wT (tanh(VhT

i )⃝• sigm(UhT
i ))}

n∑
j=1

exp{wT (tanh(VhT
j )⃝• sigm(UhT

j ))
(2)

with w ∈ RL×1, U ∈ RL×M , V ∈ RL×M trainable pa-
rameters, sigm the non-linear sigmoid activation function
and ⃝• the element-wise (Hadamar) product.

2.2. Out-of-distribution detection

As outlined in Zhang et al [29], the task of out-of-
distribution (OOD) detection aims to construct a confidence
score that effectively identifies samples x ∼ DOOD while
maintaining the model’s performance on the in-distribution
(ID) dataset (xID, yID) ∼ DID.

We explored a first set of methods relying solely on the
output of the penultimate layer, denoted as fc, namely the
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maximum softmax probability MSP [7], the maximum log-
its MLS [6] and an energy-based score based on the last
layer logits values EBO [16]:

C(X∗) = σ(fc(X
∗)) (3)

where X∗ is a test sample, and σ is the composition of the
maximum and softmax operators for MSP, the maximum
operator for MLS, and the log of summed exponentials for
EBO with a temperature scaling parameter T .

In addition to these first methods, we explored further
enhancements involving the processing of fc. For instance,
we used the recent DICE approach [23], in which certain
weights from fc are masked based on their relative contri-
bution to enhance the energy score selectivity. Moreover,
we investigated the use of input perturbations along temper-
ature scaling with the ODIN method [14], and of distance-
based approach with KNN [24].

In our approach, we propose to associate the penultimate
layer fc to the classifier g of the MIL framework to compute
the confidence score directly at the bag level, in contrast to
previous works that pool the uncertainty measured over the
instances [15]. We also consider the pooled representation
h as the feature vector of interest for the KNN method, com-
puting the distance as follows:

C(h̄∗, k) = ||h̄∗ − h̄(k)||2 (4)

where h̄∗ represents the normalized pooled representation
of the test sample X∗, and h̄(k) is the normalized pooled
representation of the k-th nearest neighbor.

2.3. Generation of OOD dataset for MIL

No standardized benchmark is currently available for ad-
dressing the problem of OOD detection under the weakly
supervised setting. Taking inspiration from the experiment
proposed by Ilse et al. [10], we designed our own binary
weakly supervised task using different common and public
databases.

In this setting, an input X , referred to as a bag, consists
of a variable number of instances randomly sampled from
the original database D. Firstly, we define a positive target
class based on the original database. If a bag contains at
least one instance belonging to the positive target class, the
bag is labeled as positive; otherwise, it is labeled as nega-
tive. For the negative instances, we established a set of neg-
ative classes, encompassing all classes except the positive
target class. This allows us to control the difficulty of the
classification problem by adjusting the number of negative
classes.

3. Experiments
3.1. Datasets

We conducted evaluations on several datasets to as-
sess the performance of our proposed approach. Specifi-

cally, we employed MNIST as in-distribution (ID) dataset,
with Fashion-MNIST [27], and KMNIST [3] as out-of-
distribution datasets. Additionally, we explored both CI-
FAR10 [12] and PCAM [1,26] as alternative in-distribution
datasets. PCAM is a representative dataset for a real-world
application scenario, which contains patches of lymph node
tissues with both healthy and metastatic tissue. For these
two datasets, SVHN [18], Textures [2] and places365 [30]
served as out-of-distribution (OOD) datasets.

To generate the training and validation datasets, we cre-
ated a balanced set of 20,000 bags for training and 4,000
bags for validation for each ID dataset. The bags were
of variable length, following a normal distribution N ∼
N (10, 2), and were composed of images uniformly sam-
pled from the corresponding ID dataset’s training set. In
our experiments, we focused on the digit ”5” for the MNIST
dataset and dogs for CIFAR10 as the positive target classes.
The negative instances included all other digits for the
MNIST dataset and images of planes and cars for CIFAR10.
For PCAM, we selected the patches containing metastatic
tissue as the positive target class and the other patches as
negative instances. The number of positive instances in pos-
itive bags ranged from 1% to 40% of the bag length, sam-
pled uniformly. For the test and OOD datasets, we gener-
ated a balanced set of 400 bags under the same conditions.
OOD bags contains samples extracted only from the corre-
sponding OOD database.

3.2. Experimental Setup

All our models were implemented using PyTorch
2.0 [20]. The training was conducted with a learning rate
of 5.10−5 and a weight decay of 10−5 with a batch size
of 1. For the MNIST-based MIL dataset, we employed
the tile embedder proposed by Ilse et al. [10] which con-
sists of 2 convolutional blocks with maxpooling followed
by a linear layer. Regarding the CIFAR10-based MIL and
PCAM-based MIL datasets, we adopted a similar approach
to many previous state-of-the-art MIL methods [17,25], and
replaced the first convolution blocks by a ResNet50 model
pre-trained on ImageNet, which remained frozen during the
training process. A linear layer was used as the classifier
in all experiments, and the gated attention mechanism was
identical as well. To enhance the model’s generalization
capabilities, random augmentations such as rotation, hori-
zontal flips, and vertical flips were applied to the instances
composing the training bags.

During inference on the OOD datasets, the instances
were resized to the same dimension as the samples in the
training datasets. For DICE and ODIN, we considered the
embeddings of non-augmented instances as we found su-
perior performance compared to utilizing the exact aug-
mented instances employed during training. We set the
hyperparameters for the OOD methods to the same val-
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ID dataset OOD dataset Metric Method
MSP [7] MLS [6] EBO [16] ODIN [14] DICE [23] KNN [24]

AUC↑ 92.33 91.83 91.77 94.13 99.05 62.33Fashion-
MNIST FPR@95↓ 65.75 67.75 69.50 46.50 02.25 90.00

AUC↑ 84.74 84.54 84.49 83.38 64.42 86.54MNIST
KMNIST FPR@95↓ 64.25 64.75 65.00 69.25 90.50 50.00

AUC↑ 70.13 70.98 71.01 54.75 48.37 64.67places365 FPR@95↓ 78.25 78.25 75.50 94.50 99.50 95.00
AUC↑ 45.65 48.46 48.52 40.37 41.81 94.63SVHN FPR@95↓ 97.50 96.75 96.00 99.50 99.75 37.25
AUC↑ 49.51 51.51 51.59 41.33 36.65 91.51

CIFAR10

Textures FPR@95↓ 91.00 89.75 87.50 97.00 99.25 45.50
AUC↑ 30.27 34.37 35.38 51.08 78.23 92.62places365 FPR@95↓ 100.00 100.00 100.00 100.00 71.25 37.00
AUC↑ 16.48 18.51 18.86 50.55 68.54 99.04SVHN FPR@95↓ 100.00 100.00 100.00 100.00 89.50 01.75
AUC↑ 37.09 42.43 44.43 57.21 56.02 98.23

PCAM

Textures FPR@95↓ 97.50 95.75 94.50 98.00 93.00 06.25

Table 1. Results of the different OOD detection methods for a MIL model trained on a bag version of the MNIST, CIFAR10 [12] and
PCAM [1, 26] datasets. The accuracy of the model for the in-distribution (ID) task is 94.75, 90.50 and 78.25 for MNIST, CIFAR10 [12]
and PCAM [1, 26], respectively. Bold denotes best performance, and underline denotes the second best for each metric.

ues as reported in the experiments of the corresponding pa-
pers. Performance evaluation was conducted using the com-
mon OOD detection metrics, including AUCROC (Area
Under the Receiver Operating Characteristic curve) and
FPR@95% TPR (False Positive Rate at 95% True Positive
Rate). These metrics were used to assess the model’s ability
to detect instances from OOD datasets effectively.

3.3. Results

Table. 1 presents the OOD detection performances for
the different methods for a model trained in the context of
Multiple Instance Learning. In the MNIST ID experiments,
DICE and KNN display the best performance, closely fol-
lowed by ODIN in the former case and MSP in the latter,
for Fashion-MNIST and KMNIST OOD datasets, respec-
tively. However, the performance of DICE and KNN di-
minishes considerably when evaluated on the other OOD
dataset. In contrast, the other methods demonstrate more
consistent results. This would indicate that methods rely-
ing on the training data may necessitate specific tuning and
exhibit limitations in terms of generalization within the con-
text of Multiple Instance Learning. Regarding the FPR@95
results, they are prohibitively high in most cases, with the
exception of DICE for Fashion-MNIST OOD.

In the case of CIFAR10 ID and PCAM ID datasets, KNN
consistently demonstrates superiority over the other meth-
ods. KNN outperforms the benchmark methods across all
OOD datasets, except for places365 OOD in the case of CI-
FAR10 ID, where EBO performs the best. As the second-
best performing method, DICE performs well with PCAM

ID, but its performance lags behind on CIFAR10 ID, where
EBO and MSP show better results. In all experiments, ex-
cept for places365 OOD with CIFAR10 ID, methods relying
on classifier outputs and their enhancements consistently
exhibit lower performance. FPR@95 remains high in all
experiments except for KNN when evaluated on PCAM ID.

These results suggest that KNN appears to be the
most reliable method, demonstrating strong performance
across most experiments. However, its performance on the
places365 OOD dataset with CIFAR10 ID and Fashion-
MNIST OOD is notably low, and the improvement is small
for KMNIST OOD compared to the other methods, mak-
ing it challenging to confirm this advantage. FPR@95 also
remains prohibitively high in the case of MNIST and CI-
FAR10 ID.

As a general trend, it is worth noting that methods re-
lying on the pooled representation rather than classifier
activations appear to perform better when methods based
on the final activation outputs perform poorly, and vice
versa. Additionally, in the CIFAR10/PCAM experiments,
the instance embedder f was fixed, whereas, in the case of
MNIST, it was trained alongside the rest of the network.
This observation suggests that the approach used to create
embeddings for each instance, and consequently the pooled
representation, should guide the decision on whether to rely
more on intermediate features or classifier outputs for OOD
detection.
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4. Conclusion
In this study, we present the first benchmark for out-

of-distribution (OOD) detection in the context of Multiple
Instance Learning (MIL). Through extensive experimenta-
tions on various datasets, we have found that methods based
on intermediate features, such as KNN, demonstrate strong
performance in the context of Multiple Instance Learning.
However, the performance is not consistent in every sce-
nario, depending on the specific dataset characteristics and
the configurations of MIL models. This lack of robustness
of current OOD detection methods points out the need for
innovative techniques that can take into consideration char-
acteristics of MIL models, such as the pooling operator,
which represents an interesting avenue for future research.
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