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Abstract Robust open-set recognition (OSR) performance has become a prerequisite for pattern recogni-
tion systems in real-world applications. However, the existing OSR methods are primarily implemented on
the basis of single-modal perception, and their performance is limited when single-modal data fail to provide
sufficient descriptions of the objects. Although multimodal data can provide more comprehensive informa-
tion than single-modal data, the learning of decision boundaries can be affected by the feature representation
gap between different modalities. To effectively integrate multimodal data for robust OSR performance, we
propose logit prototype learning (LPL) with active multimodal representation. In LPL, the input multimodal
data are transformed into the logit space, enabling a direct exploration of intermodal correlations without the
impact of scale inconsistency. Then, the fusion weights of each modality are determined using an entropy-
based uncertainty estimation method. This approach realizes adaptive adjustment of the fusion strategy to
provide comprehensive descriptions in the presence of external disturbances. Moreover, the single-modal and
multimodal representations are jointly optimized interactively to learn discriminative decision boundaries.
Finally, a stepwise recognition rule is employed to reduce the misclassification risk and facilitate the distinc-
tion between known and unknown classes. Extensive experiments on three multimodal datasets have been
done to demonstrate the effectiveness of the proposed method.
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1 Introduction

Pattern recognition systems inevitably encounter unknown class objects outside the training data in
real-world applications [1]. However, traditional recognition methods often operate under an impractical
closed-set setting, assuming that the training and test data share the same category information. In
this case, the unknown objects are at risk of being misclassified into known classes, leading to unreliable
recognition results. Consequently, although deep learning has outperformed human perception on various
recognition tasks [2—4], its real-world deployment remains constrained because of reliability concerns.

Open-set recognition (OSR) [5] has been proposed as the solution to this closed-set predicament. An
OSR classifier is designed to classify known objects while simultaneously identifying unknown objects. As
summarized in [6], two main approaches are taken to learn decision boundaries for OSR: optimizing the
representation of known classes and estimating the distribution of unknown classes, corresponding to the
focus of discriminative and generative OSR methods, respectively. Although the effectiveness of existing
OSR methods in learning decision boundaries to distinguish between known and unknown classes has been
widely demonstrated, their implementations are mainly based on single-modal image datasets such as
MNIST [7], SVHN [8], and CIFAR [9]. The test data in these datasets are generally identically distributed
to the training data and can provide sufficient descriptions of the objects. However, the aforementioned
conditions cannot always be guaranteed in real-world applications because of the limitations of single-
modal perception and external disturbances, resulting in the unsatisfactory OSR performance of existing
methods based on single-modal perception.

Figure 1(a) illustrates a case of single-modal visual perception. The known and unknown classes cannot
be effectively distinguished when single-modal data (front view) fail to provide sufficient descriptions of
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Figure 1 (Color online) (a) Limitations of the OSR methods based on single-modal visual perception; (b) to achieve robust OSR,
active assessment of multimodal perception information and adaptive adjustment of the fusion strategy are required.

the objects. In this case, the misclassification is predominantly due to the limited information in the
input data rather than deficiencies in OSR method design. Conversely, this confusion can be effectively
resolved by supplementing the visual image with additional textual information, such as the surface
shape. Therefore, the integration of multimodal perception data is indispensable for achieving robust
OSR in real-world applications.

Multimodal perception [10] has been widely explored in various tasks, such as image classification [11],
robot perception [12], and earth observation [13]. By integrating perception information from different
modalities, more comprehensive descriptions of objects can be obtained to improve recognition system
performance. The core problem of multimodal perception is multimodal fusion, which mainly includes
feature-level and decision-level fusion methods [14]. The robustness of the model cannot be ensured
because of the susceptibility of feature-level fusion methods to external disturbances. In addition, the
feature representations of heterogeneous multimodal data are inconsistent in scales. Consequently, the
representations of small-scale modalities may be underoptimized because the optimization is dominated
by large-scale modalities, which can severely affect the learning of decision boundaries. In comparison,
decision-level fusion methods can uniformly represent data from different modalities, demonstrating the
potential applicability to OSR with multimodal data. However, complementary information between
different modalities may not be fully exploited due to the lack of direct intermodal correlations at the
decision level. Moreover, the weight assignments of existing fusion methods are mostly determined on the
basis of predefined fusion rules [15] or data fitting [16] and cannot be adaptively adjusted when external
disturbances occur during testing, resulting in non-robust OSR performance. As in the multimodal case
shown in Figure 1(b), the cylinders and frustums can normally be distinguished by visual images, and
textual information about the surface shape is redundant in this case. However, for the orange frustum,
whose top and bottom bases are close in size, the discrimination of text information about the surface
area is obviously better than visual images. Therefore, the model should actively assess the perception
information of different modalities and adjust the fusion strategy during recognition.

Motivated by the analysis above, we propose logit prototype learning (LPL) with active multimodal
representation, which incorporates four inspiring insights to achieve robust OSR, performance with mul-
timodal perception data. First, the multimodal data are transformed into the logit space, where the
representations are directly associated with the classification results. As the logit representations of
different modalities are consistent with scale, the intermodal correlations can be effectively explored
without being affected by the feature representation gap. Then, an entropy-based uncertainty estimation
method is proposed to determine the weights of each modality according to the distribution of their
corresponding representations. Therefore, the fusion strategy can adaptively adjust to actively provide
comprehensive descriptions of the objects. Moreover, the single-modal and multimodal representations
are jointly and interactively optimized, which can simultaneously avoid redundant optimization and pre-
serve modality-specific information during the learning process of decision boundaries. Finally, we extend
the OSR framework with an additional fuzzy class to reduce the misclassification risk and obtain the final
recognition result based on the scaled distance in a stepwise manner.

We evaluate the proposed method using three multimodal datasets involving data from various modal-
ities, such as visual images, audio recordings, and textual information. The experiments show that the
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proposed method can outperform previous OSR methods and maintain robust OSR performance when
external disturbances occur during testing. Our main contributions can be summarized as follows:

(1) We propose logit prototype learning to integrate multimodal perception information for robust OSR
performance. The representation in the logit space enables directly exploring intermodal correlations
while effectively avoiding the feature representation gap between different modalities.

(2) We propose an entropy-based uncertainty estimation method to determine the weight assignments
of different single-modal representations. The adaptive adjustment ability of the fusion strategy ensures
the comprehensiveness of the descriptive information.

(3) We propose a prototype-based joint optimization strategy to interactively optimize single-modal
and multimodal representations, which can avoid redundancy in optimization and preserve modal-specific
information during the learning process of decision boundaries.

(4) We propose a stepwise recognition rule to realize a more reasonable decision-making process. The
extension of the OSR framework, incorporated with a scaling of the distance, effectively reduces the risk
of misclassification and facilitates the distinction between known and unknown classes.

This paper is an extended version of our conference paper [17] in several aspects. First, we incor-
porate angle-based measurement into the preliminary distance-based joint metric learning in the logit
space, further improving the discrimination of decision boundaries for OSR. Second, we extend the OSR
framework with an additional fuzzy class to reduce misclassification risks and increase the reliability of
recognition results. Finally, we conducted more extensive experiments on three multimodal datasets with
various settings to prove the effectiveness and robustness of our proposed method.

2 Related work

2.1 Open-set recognition

2.1.1 Discriminative OSR method

Early research on OSR focused on adapting traditional machine learning classifiers to distinguish between
known and unknown classes as a binary classification task. Scheirer et al. [5] proposed a formal definition
of openness and used a 1-vs-set machine to balance empirical and open-space risk. They further proposed a
Weibull-calibrated support vector machine [18] to limit the open space by calibrating the decision scores
using extreme value theory. Bendale and Boult [19] extended the nearest class mean classifier to the
nearest non-outlier, which measured the distance between samples and class means to reject unknown
classes. In addition, Junior et al. [20] proposed an open-set version nearest neighbor classifier based on
the ratio of similarity scores.

Because of the powerful feature extraction and learning representation abilities of deep neural networks
(DNNs), current research on OSR is mainly based on deep learning. Bendale et al. [21] replaced the
Softmax layer with an OpenMax layer as the initial solution to extend DNNs to open-set scenarios. They
computed the distances between the correctly classified samples and their mean activation vectors and
calibrated the classification probabilities using a Weibull distribution. Inspired by this work, various deep
learning-based OSR methods have been subsequently proposed for further improvement. Shu et al. [22]
proposed a sigmoid-based 1-vs-rest final layer for OSR to avoid the careful hyperparameter selection
of OpenMax. Yoshihashi et al. [23] proposed classification-reconstruction learning for OSR based on
hierarchical latent representations. Jang and Kim [24] modeled the collective decision of multiple one-
vs-rest networks to enhance the unknown rejection capability. Vaze et al. [25] used multiple image
recognition techniques and the maximum logit score (MLS) during training and testing to enhance OSR
performance.

2.1.2  Generative OSR method

Generative adversarial learning [26] has been widely used to generate unknown class samples. Ge et
al. [27] employed incorrectly predicted samples from a generative adversarial network (GAN) [28] as
unknown classes, but their method did not show substantial performance improvement on natural images.
Neal et al. [29] proposed an encoder-decoder GAN architecture for counterfactual image generation,
which was used as the synthetic unknown samples during training. Recently, Kong and Ramanan [30]
proposed OpenGan, which trains an open-vs-closed classifier with adversarially synthesized fake open



FuY M, et al. Sci China Inf Sci  June 2024, Vol. 67, Iss. 6, 162204:4

data. However, the performance of generative OSR methods heavily depends on the quality of unknown
estimation by GAN, making them unsuitable for real-world applications with external disturbances.

Despite continuous progress on single-modal datasets, existing methods ignore how to achieve robust
OSR performance with multimodal perception data in real-world applications, particularly when single-
modal perception data fails to provide sufficient descriptions of objects.

2.2 Prototype learning

The prototypes [31,32] can be considered overall representations or abstract memories of the correspond-
ing class clusters. Early prototype learning methods were mainly based on update rules or loss functions.
However, these methods require hand-designed features and cannot work end-to-end. Therefore, recent
studies have focused more on integrating prototype learning into DNNs, including diverse explorations
of OSR. Yang et al. [33] proposed generalized convolutional prototype learning (GCPL) to solve the
open-world recognition problem by increasing the intraclass compactness. Chen et al. [34] proposed re-
ciprocal point learning (RPL) to model the extraclass space of each class. They then incorporated angle
direction into distance metrics and proposed adversarial reciprocal point learning (ARPL) [35] to learn
more discriminative decision boundaries. Miller et al. [36] proposed class anchor clustering (CAC) loss to
learn tightly clustered representations around anchored class centers in the logit space, unlike the above
prototype learning methods in the feature space.

The training process of OSR with single-modal data is more stable in the logit space than in the
feature space. More importantly, prototype learning in the logit space can avoid the differences in feature
representations of multimodal data and enable the direct exploration of intermodal correlations. These
properties are potentially valuable for obtaining uniform and comprehensive multimodal representations
for robust OSR and have been ignored by previous methods.

2.3 Multimodal perception

Multimodal perception [10] processes and integrates multimodal data to achieve more accurate and reli-
able recognition performance, and it has been widely applied in various domains. The classification results
of remote sensing images [37] can be effectively enhanced by integrating information from different modal-
ities, e.g., hyper-spectral, multispectral, and synthetic aperture radar. In autonomous driving [38], RGB
camera images can provide detailed perception of the surroundings but are sensitive to changes in light
conditions. In contrast, LIDAR points are less affected by environmental factors but are limited in their
range and resolution. Therefore, the fusion of camera images and LIDAR points can overcome the single-
modal limitations and produce more accurate results. For human-machine interaction, integrating audio
and visual information can provide more reliable and robust speech recognition results than single-modal
audio information [39], which is easily affected by external noise. Based on complementary information
from different modalities, the robustness of facial recognition [40] can also be improved by leveraging
multimodal representations.

All of the above indicates that the effective integration of multimodal perception information is nec-
essary to achieve robust OSR performance in real-world applications, which corresponds to the main
objective of our proposed method.

3 Proposed method

We adaptively integrate multimodal perception information to achieve robust OSR performance. First,
the features of each set of single-modal input data are extracted using the corresponding encoders and
transformed into the logit space. Then, the weight assignments are determined using the entropy-based
uncertainty estimation method, which enables the fusion strategy for multimodal representations to be
actively adjusted. Subsequently, the single-modal and multimodal representations are jointly optimized
to learn discriminative decision boundaries. Finally, the final recognition result can be obtained using
the stepwise recognition rule during testing.

The overall framework of the proposed logit prototype learning with active multimodal representation
is shown in Figure 2. In this section, we first provide a brief introduction to the problem setting and
motivation for prototype learning in the logit space. We describe each crucial part of our method in
Subsections 3.2-3.4.
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Figure 2 (Color online) Overview of the proposed LPL for OSR with multimodal perception data. The lighter and deeper colored
histograms represent classification probabilities of each class before and after scaling the distance using single-modal reachabilities,
respectively.

3.1 Problem setting and motivation

3.1.1 Problem setting

Given a set of training data Dryain = {X,Y} with N known classes, the labels of input samples X are
represented as Y. The logit prototypes O € RV*N of known classes are predefined as nontrainable
one-hot style vectors in the N-dimensional logit space.

O:[017"'70N]:[a'ela"'va'eN]7 (1)

612[1,0,...,0], 6N:[0,...,0,1], (2)

where hyperparameter o describes the magnitude of the logit prototypes, and e are unit one-hot vectors
corresponding to the ground truth labels of each known class.

During training, the feature of a single-modal input sample z is extracted by the encoder f and
transformed as the logit embedding z € R . In the logit space, the Euclidean distances between the logit
vector and each prototype are represented as d € RY:

d=[di,....dx]=[l[z = oilly,. [z = onlly] - (3)

Then, the classification result of x can be calculated using the distance-based Softmin function:

_dn
ply=nlv) = =—
2z
meaning that the closer the logit embedding z is to the prototype o,, the higher the probability that the
sample = will belong to class n.

During testing, for a set of testing data Drest = {Dy U D,,} with N known classes and U unknown
classes, OSR aims to correctly classify samples in Dy and label samples in D, as unknown. The dis-
tinction between known and unknown classes is conducted with a probability threshold, which is usually
determined by assuming a certain percentage of training samples as outliers.

 nefl,... N}, (4)

3.1.2  Motivation

Integrating multimodal representations through a proper fusion method is crucial for prototype learning-
based OSR with multimodal data. However, existing commonly used fusion methods have several limi-
tations. First, the representation gap between different single-modal feature embeddings is considerable,
primarily because of the distinct perception mechanisms of sensors in different modalities. This incon-
sistency in the feature space can severely affect the distance measurement between feature embeddings
and prototypes, which is crucial for the optimization and recognition processes of prototype learning-
based OSR methods. Second, although decision-level representations (i.e., classification probabilities) of
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multimodal data exhibit high consistency, direct intermodal correlations for decision fusion methods are
lacking, making the complementary information between different modalities difficult to fully capture.

To simultaneously overcome the shortcomings at the feature and decision levels, we adapt prototype
learning in the logit space for OSR with multimodal data. The representations in the logit space (logit
embeddings) serve as feature representations directly associated with the classification results. Therefore,
prototype learning in the logit space can effectively bridge the feature representation gap and enable
flexible interaction of multimodal data to explore intermodal correlations.

3.2 Active multimodal representation

The foundation for improving recognition performance with multimodal data is to obtain comprehensive
descriptions of the objects. However, the fusion strategies of existing methods cannot be actively adjusted
during testing, leading to non-robust recognition performance when subjected to external disturbances.
In the context of logit prototype learning with multimodal data, the proximity of each single-modal logit
embedding to different prototypes is directly related to the certainty of its corresponding classification
result. Particularly, if the logit embedding of a modality is close to one prototype and distant from the
others, the classification result will have high certainty, indicating sufficient descriptions of the object.
Conversely, a classification result based on the logit embedding of a modality similar to distance to
different prototypes is highly uncertain.

Inspired by this outcome, we propose an entropy-based uncertainty estimation method to dynamically
determine the weights of different modalities for active multimodal representations, which can provide
comprehensive descriptions of the objects. For an input sample @ = [z1,...,25] with the perception
information of M modalities, we first extract the latent features of different modalities using encoders
f =1[f1,- ., fu], and adopt linear layers I = [ly,...,lp] to transform them as logit embeddings z €
RMX N:

z =z, zm] = [W(f1(21), - D (Far ()] - (5)
Next, we calculate the Euclidean distances d = [dy, ..., dy] between different single-modal logit embed-
dings and the logit prototypes of known classes:

dm: [dimvd'r]yz] :[”Zm*01||2,~-~7Hzm*0NH2]7 me{L---vM}' (6)

Then, we perform class-wise L1 normalization on the reciprocal distances between each single-modal logit
embedding and different prototypes: )

A d;1

7 (a0 )
where € is a small constant to avoid division by zero. This strategy enables positively correlating the
proximity to different prototypes with the probabilities of belonging to the corresponding classes. Next,
we estimate the uncertainty of each piece of single-modal perception information from the information
entropy H = [Hy,..., Hyl, which is expressed as follows:

N
Hyo= = dnlogdy,. (8)
n=1

When fusing different single-modal representations into a multimodal representation, it is reasonable
to assign a large weight to the modality with low uncertainty. Accordingly, the weight assignments
W = [Wh,..., W] of each modality can be determined as follows:

—H

W =——.

TS
j=1

Finally, the multimodal logit embedding zy can be represented as follows:

(9)

M
m=1

Therefore, the input « is represented as a joint form of single-modal and multimodal logit embeddings:

Z=zf,21,...,2m]. (11)
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3.3 Prototype-based joint optimization strategy

To effectively distinguish between known and unknown classes, the model learns discriminative decision
boundaries by increasing intraclass compactness and interclass separability. However, the optimization
strategies of existing OSR methods are mainly based on an individual single-modal representation and
cannot be directly applied to multimodal scenarios. On the one hand, optimizing single-modal and
multimodal representations with the same objective is redundant, and may limit the exploration of
intermodal correlations. On the other hand, optimizing only the multimodal representation will lose the
modality-specific information inherent in different modalities.

To this end, we propose a prototype-based joint optimization strategy in the logit space. First, mul-
timodal logit embedding is essentially a weighted expression of different single-modal logit embeddings.
In this case, if the single-modal logit embeddings of an object are tightly clustered, the multimodal logit
embedding will naturally match the corresponding prototype. Therefore, we directly optimize the Eu-
clidean distances and cosine similarities between single-modal logit embeddings and the corresponding
prototypes to increase intraclass compactness. The measurement loss can be expressed as

1 M Zm O
Linen = M; <||zmonc|2ﬂM>’ (12)

zmll[|on. |

where n. is the corresponding class of x, and [ is the coefficient of the angle-based measurement. The
representation discrimination between different classes can be effectively improved by combining Eu-
clidean distance and cosine similarity. Then, the multimodal logit embedding is used to calculate the
classification probabilities by Softmin function based on the sum-to-one property:

Zm oy _
o BT TegT ~lzm—onlly)

ply=nlx)= ,nef{l,...,N} (13)

Zm - Oq
SN o PTzm oy —l2m—oilly)
=1

Next, the classification probabilities are used to optimize the classification loss, which is developed on
the basis of the negative log-probability of the ground-truth label:

Los = — 1ng(y = TN¢ | x), (14)

where a small value of L5 refers to a large distance gap between the representation of the sample and the
corresponding prototype and other prototypes, and the interclass separability can be inherently improved.
Finally, the discrimination of decision boundaries can be effectively improved with the joint supervision
of Les and Lyeq:

Ljoint = Lcls + )\Lmea; (15)

where \ is a weight parameter for the measurement loss. On the basis of the joint optimization of
representations interactively, the model can learn discriminative decision boundaries without optimization
redundancy. In addition, the specific information of each modality can also be well preserved.

After finishing the optimization process, we replace the shared one-hot style prototypes with the
mean values of single-modal and multimodal logit embeddings, which can better measure the similarities
between the objects and prototypes during testing. Therefore, the prototypes of each class are extended

into different sets O = [01,...,0n] and can be expressed as follows:
| Nn|
on = [04,07,....00] = |N|sz em(@)], ne{l,...,N}, (16)

where N,, is the number of training samples that belong to class n. To capture the distribution properties
of different classes across modalities in the logit space, we define the distances between the representations

and corresponding prototypes as the radiuses of each single-modal class cluster R = [r1,...,7n]:
| Nn |
o= [r{s ] |N | Z [l (2) 6?”277"21\4(2)76%”2] (17)

The details of the proposed prototype-based joint optimization strategy are summarized in Algorithm 1.
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Algorithm 1 Prototype-based joint optimization strategy in the logit space

Input: Training data x with class label y and the perception information of M modalities; initializing parameters 0 for single-modal
encoders, and logit prototytpes O = |01, ..., on]; hyperparameters , 8, and \; number of iterations ¢t < 0.

Output: Parameters 6, prototype sets O, and radiuses R of single-modal clusters.

1: while not converged do

2 tt+41;

3 Transform z into different single-modal logit embeddings z;

4: Determine the weights W of each single modality by entropy-based uncertainty estimation;

5 Actively represent multimodal logit embedding as zy and form the joint representation 2;

6 Compute the loss of joint optimization by Ljoint = Lcis + ALmeas;

7 Update the parameters 6 for single-modal encoders;
8: end while
9: Calculate the prototype sets O and radiuses R of single-modal clusters;

10: Return 0, O, and R.

3.4 Stepwise recognition rule with distance measurement

During testing, the known and unknown classes can be distinguished on the basis of active multimodal
representation with discriminative decision boundaries in most cases. However, the occurrence of some
extremely ambiguous outliers is inevitable. For the OSR with two-modal data, if the representation of a
sample can well match the prototype of a certain class in one modality but deviates considerably from
that category in the other, the existing OSR framework will fail to provide reliable recognition results.
On the one hand, the deviation may be caused by excessive external disturbance to a known class sample
in that modality. On the other hand, the proximity to a known class prototype may result from similar
characteristics of an unknown sample to that of a known class. In this case, arbitrarily classifying
these ambiguous outliers into either known or unknown classes can result in high misclassification risks.
Therefore, it is more reasonable to assign them into an additional subset and wait for further verification.

To solve this problem, we propose a stepwise recognition rule with distance measurement that can
not only classify known classes while rejecting unknown classes but also reduce the misclassification risk
caused by ambiguous outliers. Specifically, for each test sample x, we first measure the distance between
its multimodal logit embedding z; and different fusion prototypes oy = [6}, ey 6?] ], and use the class
label of the nearest fusion prototype as the initial classification result ;nit:

Yinit, = ni{r{%m%} |27 — %], - (18)

Next, for each modality, we calculate the distance between the single-modal logit embedding and the
prototype of the initial classification and define relative reachability v = [y1,...,vm] as the ratio of the
radius of the corresponding single-modal class cluster to this distance:

T%ilnit (19)
Py = ~Yini
" | 2m — om™ ‘2
We then scale the relative reachabilities of each modality by max normalization:
/ / / i
= sy =, 20
¥ =Ml (7] (20)
and calculate the variance o of the normalized reachabilities:
]' u / N2
U:MZ(Pymffy)a (21)
m=1
which is used as the indicator of the fuzzy class with a variance threshold dya,:
known /unknown classes, if o < dyar,
y _ / ~X VYvar (22)

fuzzy class, otherwise.

Samples with consistent single-modal relative reachabilities (i.e., small variance) are classified into known
or unknown classes, whereas samples with inconsistent single-modal relative reachabilities (i.e., large
variance) are classified into the fuzzy class.



FuY M, et al. Sci China Inf Sci  June 2024, Vol. 67, Iss. 6, 162204:9

Algorithm 2 Stepwise recognition rule with distance measurement

Input: Testing data z, single-modal encoders with parameters 0. Prototype sets O, radiuses R of single-modal clusters, variance
threshold dvar, and probability threshold dprob .-
Output: Recognition result y.
1: Transform z as the joint representation of single-modal and multimodal logit embeddings Z;
2: Set the class label of the nearest fusion prototype to the multimodal logit embedding z; as the initial classification decision
Yinit;
3: Calculate the relative reachability v and scale it into v';
4: Calculate the variance o of normalized reachabilities;
5: if 0 < dyar then
6: Get the scaled distance cif and use it to calculate the final probabilities p (x);
7: if maxp(x) = dprob then
8 y = argmaxp (y = n | z);

9: else

10: y = unknown class;
11: end if

12: else

13: y = fuzzy class;

14: end if

15: Return y.

Subsequently, the emphasis shifts toward further distinguishing between known and unknown classes
among the remaining samples not assigned to the fuzzy class. To further enhance the distinction be-
tween known and unknown classes, we use relative reachabilities to scale the distances of multimodal

representation to different fusion prototypes d = [d}, e ,cf]fv |:
M
dj = llzs = ¢, T] - (23)
m=1

A higher product value of relative reachabilities will widen the distance gap between the multimodal logit
embedding and different fusion prototypes. In contrast, the separability between known and unknown
classes will decrease. In this case, the unknown class is more distinct from the known classes based on
the distance-based classification function. The final classification probabilities are calculated as

y=n )= = (24)

ply=n|z)=——r.

Zil\il e

Finally, the known and unknown classes can be effectively distinguished by employing a probability
threshold dpyob:

argmaxp(y =n | x), if 0 < dyar and max p(z) = dprob,
y = ¢ unknown class, if 0 < dyar and max p(z) < dprob, (25)
fuzzy class, otherwise.

Therefore, the OSR framework can be extended from (N + 1)-way to (N + 2)-way classification, which
can mitigate the unreliability due to the potential misclassification risk caused by ambiguous outliers.

In practice, a well-chosen probability plays a key role in OSR, but it is difficult and time-consuming to
tune. For theoretical evaluation, the utilization of an arbitrary threshold for OSR without prior knowledge
of unknown classes is unreasonable [29]. Therefore, evaluations based on threshold-independent metrics
were also conducted (reported in Section 4). The details of the proposed stepwise recognition rule during
testing are summarized in Algorithm 2.

4 Experiments

4.1 Experimental setup

4.1.1 Datasets and class partition

We use the concept of openness [5] O* = 1 — ’/% to describe the proportion of known and

unknown classes divisions of each dataset, where Ny, is the number of known classes during training,
and Nreg is the total number of known and unknown classes during testing.
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Figure 3 (Color online) Some samples in three multimodal datasets.

We evaluate the effectiveness of our proposed method for robust OSR on three multimodal datasets,
and some representative samples are shown in Figure 3.

o LMT [41] is a multimodal dataset for surface material classification, which contains various perception
information of 108 fine-grained classes in nine coarse-grained classes. We use visual images and tactile
acceleration traces as the input, and two fine-grained classes in each coarse-grained class are randomly
selected and set as known and unknown classes, and O* = 18.35%.

e MNIST [7]+ FSDDY are image and speech datasets of digit numbers, respectively. We pair the
data based on class labels for image-audio multimodal recognition. Five known and unknown classes are
randomly chosen, and O* = 18.35%.

e Food-101 [42] is a multimodal classification dataset containing images and texts of 101 food classes.
Twenty classes are randomly selected as known classes, and the remaining classes are regarded as unknown
classes, and O* = 42.50%.

4.1.2 Data preprocessing and implementation details

To facilitate the feature extraction process and explore diverse fusion strategies, the following prepro-
cessing procedures are applied to the audio and signal data. First, following the process in [43], we
convert the three-axes acceleration signals in the LMT dataset into 1-D signals, which are transformed
into spectrogram images by short-time Fourier transform (STFT). Data augmentation operations, such
as flip and rotate, are also used to make the training data of the LMT dataset more adequate. Then, we
transform the audio files in the FSDD dataset into the corresponding spectrogram images. We retain the
original data form of the Food-101 dataset, i.e., text and images. To thoroughly validate the effective-
ness of the proposed method, we simulate different types of disturbances of various degrees. First, for
the LMT dataset, we perform pixel-value exponential transformations on the testing images to simulate
the change in brightness, where the exponent is randomized from (0.5, 1). Second, for MNIST+FSDD
datasets, we add random noise with a random proportion from 10% to 50% to the testing images. Third,
for the Food-101 dataset, we simultaneously use pixel-value exponential transformations to change the
brightness and delete words from the text with a random probability from (0.1, 0.5). This test scenario
is more challenging because the perceptual information of each modality is disturbed to various degrees.

4.1.3 Implementation details

We used the convolutional blocks of VGG13 [2] as the feature encoder for image and spectrogram data,
and bidirectional encoder representations from transformers (BERT) [44] as the feature encoder for text
data. The globally pooled convolutional features and BERT output embeddings are transformed into
the logit space by a linear layer. All the methods are trained for 100 epochs with a batch size of 32 and

1) https://github.com/Jakobovski/free-spoken-digit-dataset.
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Table 1 Comparison of the OSR performance of different methods on the LMT dataset®

Method Image Spectrogram Early fusion Late fusion Decision fusion
etho

AUC OSCR AUC OSCR AUC OSCR AUC OSCR AUC OSCR
Softmax 65.9+3.0 48.1£2.2 71.5+6.1 65.9£7.3 70.6+1.9 52.5+0.8 76.6+4.0 61.2+6.9 76.0£4.3 61.24+6.9

OpenMax [21] 56.94+5.6 31.6+1.8 43.1£7.6 22.246.7 59.1£5.0 34.5+1.1 50.4+2.3 24.9+2.7 40.24+3.2 24.8%+2.9
G-OpenMax [27] 56.8+£3.5 25.24+1.5 48.9+5.1 30.1£5.8 51.0+3.7 36.0£1.5 50.843.3 25.5+3.0 45.44+2.7 25.4+3.4

CROSR [23]  64.64+4.0 35.544.9 60.745.8 48.6+6.2 - - - - 66.943.8 55.24+4.6
GCPL [33] 54.245.1 33.3+4.3 60.1+£3.2 46.9+3.6 59.0+£5.5 31.245.3 66.649.2 53.947.4 78.346.2 68.74+5.0
RPL [34] 57.746.5 36.9+4.1 54.6+5.3 39.3+2.4 60.04£8.5 33.245.2 56.343.8 33.448.2 63.6+9.1 40.5+4.1
ARPL [35] 59.145.0 43.3+4.4 66.5+1.9 61.9+3.4 60.9+5.6 44.0+£4.1 63.040.7 51.343.5 67.642.2 59.44+2.6
CAC [36] 67.242.7 47.4+1.4 74.6+2.9 71.843.4 70.543.4 54.043.2 73.4+7.0 62.744.4 78.146.0 68.945.7
MLS [25] 66.5+3.7 46.3+1.3 70.1+1.9 67.3+3.4 76.64£3.2 67.6+£2.0 75.845.1 69.845.0 76.6+3.9 68.2+5.9
MMOSR [17] AUC/OSCR: 81.941.4/74.1+3.6
LPL AUC/OSCR: 84.241.2/79.4+2.4

a) The experimental results are averaged among three randomized trials. The best performance is in bold.

are optimized using the SGD optimizer with a momentum of 0.9. The initial learning rate of training is
0.01 and is divided by 10 every 30 epochs. For hyperparameter values of LPL, the magnitude of logit
prototypes «, the coeflicient of angle-based measurement 3, and the weight of measurement loss Ay, are
set to 5, 1, and 0.1, respectively. The experiments are implemented with the support of NVIDIA RTX
3090 GPU in the Pytorch framework.

4.1.4  FEwvaluation metrics

The following metrics are used to evaluate the OSR performance of the proposed method:

(1) The area under ROC curve (AUC) is the most commonly used evaluation metric for OSR; it is
threshold-independent and can comprehensively measure the effect of all thresholds.

(2) The open-set classification rate (OSCR) indicates the recognition performance of unknown samples
with the consideration of the classification accuracy of known classes based on the correct classification
rate (CCR) and the false positive rate (FPR).

4.2 Comparison to the state-of-the-art methods

We compare the performance of LPL with that of various combinations of state-of-the-art OSR methods
and commonly used fusion strategies to prove the effectiveness of our proposed method.

The experimental results on three multimodal datasets are shown in Tables 1-3. The first two of the
five columns represent methods with single-modal input (i.e., image, spectrogram, and text), while the
last three of the five columns represent methods with multimodal input based on commonly used feature-
level and decision-level fusion strategies. Therefore, the AUC and OSCR performance of the comparison
methods at each position in the table refers to the combination of the corresponding fusion strategy
and the OSR method. For experiments on the LMT and MNIST+FSDD datasets, we do not report
the performances of CROSR with feature-level fusion strategies because multimodal data are difficult to
reconstruct from unique fused feature representations. In addition, we do not report the performance of
G-OpenMax and CROSR on the Food-101 dataset because their generation and reconstruction approaches
are oriented to image data.

According to the results, LPL substantially outperforms the other methods on all datasets, indicating
that it can achieve robust OSR performance by effectively integrating multimodal perception information.
In addition, OpenMax fails to provide significant improvements in OSR performance and may even
degrade it compared with the baseline Softmax classification. When the description from certain sensory
data is incomplete, the representations of known class samples deviate from the corresponding training
information, making them confused with the unknown classes. Therefore, the classification probability
calibration method based on the statistical characteristics (Weibull cumulative distribution function) of
the training data is not applicable to OSR scenarios with external disturbances. Furthermore, the OSR
performances of the generative OSR methods are also unsatisfactory.

Compared with the training data of known classes, the representations of disturbed test samples
tend to overlap more with the estimated unknown samples because they are both outliers of known
training samples. Similarly, such representation inconsistencies lead to large reconstruction errors, and the
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Table 2 Comparison of the OSR performance of different methods on MNIST+FSDD datasets®

Method Image Spectrogram Early fusion Late fusion Decision fusion
etho

AUC OSCR AUC OSCR AUC OSCR AUC OSCR AUC OSCR
Softmax 69.4+9.1 48.7+9.9 66.8+6.6 64.9+£7.6 79.94+4.6 58.4+6.5 76.8+10.1 57.6+£11.3 72.1£6.8 55.8+9.5

OpenMax [21]  61.84£0.7 49.74+0.8 66.7£3.4 61.1+5.1 60.0£1.3 49.1+0.4 61.0£2.3 52.2+3.1 58.84+2.0 46.7+3.9
G-OpenMax [27] 62.440.8 47.9+1.9 60.8+1.3 55.245.4 61.2+1.6 47.0£1.8 62.1+1.7 47.7£3.0 63.8+2.2 49.1+2.8

CROSR [23]  58.3+2.8 42.847.2 67.242.4 62.7+5.3 - - - - 61.244.6 47.9+1.1
GCPL [33]  61.844.7 34.346.2 41.548.9 36.247.0 58.841.6 30.842.1 62.943.2 37.443.1 62.4+1.8 44.7+12.1
RPL [34] 56.942.0 27.942.6 45.0414.7 35.6+£12.4 57.741.3 25.9+0.9 57.841.7 26.240.5 60.745.1 35.3+3.2
ARPL [35] 65.742.2 39.4+3.6 71.2+10.8 69.5+£13.0 66.4+2.3 41.5+1.4 67.0+£4.6 42.446.2 72.7+3.7 57.0+£9.8
CAC [36] 77.640.4 56.1£1.1 76.544.6 74.7+5.8 80.6£1.9 61.241.3 81.6+3.8 67.845.8 78.4+5.0 62.8+4.1
MLS [25] 78.243.6 58.3+2.3 78.943.9 76.3+4.7 80.7£1.8 60.3+1.2 78.5+3.9 63.343.7 83.7+0.9 69.6+4.3
MMOSR [17] AUC/OSCR: 90.6-£3.9/89.5+5.0
LPL AUC/OSCR: 92.042.5/89.9+4.5

a) The experimental results are averaged among three randomized trials. The best performance is in bold.

Table 3 Comparison of the OSR performance of different methods on the Food-101 dataset™

Image Text Early fusion Late fusion Decision fusion
AUC OSCR AUC OSCR AUC OSCR AUC OSCR AUC OSCR

Method

Softmax 70.1£0.9 52.7£1.7 80.5£1.0 67.5£1.4 82.6+£0.5 72.1£0.5 82.5+£0.5 72.7+£0.8 83.1+£0.9 74.6+1.2
OpenMax [21] 72.7£0.8 57.7+1.0 80.7£1.1 65.9+1.0 81.4+0.4 70.840.8 78.0+1.1 69.24+1.5 82.0+1.3 73.441.7
GCPL [33] 66.3+£1.8 41.5£3.2 66.4£2.2 43.4%£2.6 76.1£1.5 61.1£3.4 80.5£1.7 69.1£1.5 72.6+£0.4 56.4+1.3

RPL [34] 58.840.7 36.14£1.7 78.342.8 63.242.6 79.841.9 64.7+1.6 78.9+1.4 65.740.8 80.4+1.8 66.340.8
ARPL [35]  74.140.3 58.9+1.7 78.841.0 65.941.1 85.041.1 77.1+0.7 82.9+1.1 72.940.8 78446.0 65.5+9.8
CAC [36]  75.641.6 62.042.1 80.241.3 67.3+1.2 79.3+1.6 67.941.2 79.8+1.1 68.64£0.6 79.6+1.1 67.9+1.0
MLS [25]  72.940.7 581+1.4 79.240.9 65.740.7 83.5+0.7 72.6+0.4 82.1+1.3 70.5£1.1 83.24+1.1 72.7+1.2
MMOSR [17] AUC/OSCR: 85.3+1.5/76.2+42.2
LPL AUC/OSCR: 90.840.9/84.8+0.8

a) The experimental results are averaged among three randomized trials. The best performance is in bold.

known and unknown classes cannot be accurately distinguished by reconstruction-based representation.
Moreover, for prototype-based OSR methods, GCPL can achieve better OSR performance than RPL
when the openness is small (LMT and MNIST+FSDD) but is inferior to RPL when the openness is
large (Food-101). This result is obtained because the class clusters learned by GCPL may overlap with
unknown classes when the OSR problem becomes more complex [35], leading to the increase in the open-
space risk. The OSR performance of ARPL is better than that of RPL in most cases with different
fusion strategies, indicating the superiority of incorporating angle and distance measurements to improve
the discriminability of decision boundaries. In addition, for the performance of each OSR method with
different fusion strategies, the combinations based on decision fusion lead to the best performance in
most cases. This result demonstrates that higher-level representations with stronger consistency are
more suitable for learning decision boundaries for OSR with multimodal data.

In addition to the above results based on OSR metrics, we report the closed-set accuracy of different
methods on each dataset in Table 4. Our proposed method outperforms Softmax and other prototype-
based OSR methods, indicating that our method can also improve the discrimination of feature represen-
tations for known classes. However, the model based on other prototype-based methods fails to maintain
the closed-set classification ability in some cases with external disturbance.

4.3 Ablation studies

4.3.1  Contribution of each part

Our proposed method comprises three main parts: the active multimodal representation, the joint opti-
mization strategy, and the stepwise recognition rule. We conducted ablation experiments on the LMT
dataset by removing each of these three parts to prove their contributions to OSR with multimodal data.
The performances are reported by AUC, OSCR, and Accuracy (ACC), as shown in Table 5. The baseline
represents the results of Softmax classification with decision fusion. First, model performance can still be
improved compared with the baseline when one of the three main parts is removed in most cases. Then,
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Table 4 Closed-set accuracy on each dataset®

Method LMT MNIST+FSDD Food-101
Softmax 73.5 71.1 83.7
GCPL [33] 77.9 71.8 72.3
RPL [34] 67.4 61.5 72.5
ARPL [35] 71.5 78.3 75.8
CAC [36] 81.2 73.6 74.0
LPL 89.1 95.0 89.2

a) The best results for each dataset are in bold.

Table 5 Ablation experiments to prove the effectiveness of each part of the proposed method?®

Method LMT MNIST+FSDD Food-101
etho

AUC OSCR ACC AUC OSCR ACC AUC OSCR ACC
Baseline 76.0 61.2 73.5 72.1 55.8 71.1 83.1 74.6 83.7
w/o active representation 81.2 75.8 85.3 90.4 88.5 92.6 84.9 76.1 83.0
w/o joint optimization 79.6 68.8 76.7 78.1 71.7 80.9 82.4 73.0 79.9
w/o stepwise recognition 82.7 76.1 86.5 91.2 89.1 94.2 86.8 77.9 84.2
LPL 84.2 79.4 89.1 92.0 89.9 95.1 90.8 84.8 89.2

a) The best results for each dataset are in bold.

CAC+Decision LPL+Decision CAC+Decision LPL+Decision
mm CAC+Ours mm LPL+Ours s CACHOurs mm | PL+Ours

851

AUC

9 18 27 36 7 9 18 27 36

Number of unknown classes Number of unknown classes

Figure 4 (Color online) Ablation experiments of the active multimodal representations on the LMT dataset.

the performance degradation over LPL is more considerable in the absence of the active multimodal
representation or the joint optimization strategy. Moreover, the OSR performance can still be effec-
tively improved based on the joint employment of these two parts without the stepwise recognition rule.
This finding indicates that the discriminability of the decision boundaries is already sufficient through
the joint optimization of comprehensively integrated multimodal representations. Finally, combining all
these three parts into LPL leads to the best performance. Therefore, each part contributes to OSR with
multimodal data, and their collaboration can improve OSR performance more effectively.

4.3.2  Effectiveness of active multimodal representation

We propose an entropy-based uncertainty estimation method to fuse multimodal data for active mul-
timodal representations. To prove the effectiveness of the proposed fusion strategy, we compared the
OSR performance of LPL with different fusion strategies. The experiments were conducted on the LMT
dataset by selecting one known class and different numbers of unknown classes in each coarse-grained
class. The performances are reported by AUC and OSCR, as shown in Figure 4. We see that the
OSR performance of LPL with the proposed fusion strategy consistently surpasses that of the traditional
decision-level fusion strategy. In addition, we conducted experiments by combining CAC with different
fusion strategies to investigate the effectiveness of the proposed fusion strategy on other prototype-based
OSR methods. The results show that the OSR performance of CAC can also be improved on the basis
of active multimodal representations, further showing the effectiveness of our proposed fusion strategy.
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Figure 5 (Color online) Macro-average Fl-scores on MNIST+FSDD datasets with various proportions of random noise.

4.3.3  Effectiveness of joint optimization strategy

The proposed joint optimization strategy is closely related to the distance-based loss functions. To
prove the effectiveness of the proposed joint optimization strategy, we compare the OSR performance of
networks trained by it with that of other distance-based loss functions [45-47]. The experiments were
conducted on MNIST+FSDD datasets with various proportions of random noise. For a fair comparison,
we adopt the decision-level fusion strategy to integrate multimodal representations of our method without
the stepwise recognition rule. The performances are reported using the macro-average Fl-score, as
shown in Figure 5. The “Plain Softmax” refers to Softmax classification with the decision-level fusion
strategy, and the “Joint optimization distance” refers to joint optimization with only distance-based
measurement. First, the proposed joint optimization strategy considerably outperforms other distance-
based loss functions. Then, training the network by center loss improves recognition performance better
than training with triplet or tuple loss, demonstrating the applicability of prototype-based methods for
OSR. Moreover, extending the joint optimization strategy with angle-based measurement can achieve
better performance across various situations, particularly when disturbances are large.

4.4 Analysis of hyperparameter settings

In this experiment, we analyze the effect of the values of hyperparameters included in our method, i.e.,
the magnitude of logit prototypes «, the coefficient of angle-based measurement (3, and the weight of
measurement loss A. The experiments were conducted on the LMT dataset, and the results are reported
by the average AUC, as shown in Figure 6. First, we set the value of £ to 0 and varied the value of A based
on the different magnitudes of the logit prototypes a. According to the results, the OSR performance
can be effectively improved with the measurement loss and is relatively stable, except when A is too large
or too small. When « is small, the change in A does not result in much improvement. When « becomes
larger, a small A will degrade the performance, which is caused by insufficient intraclass compactness. We
then fix the value of A to 0.1 and vary the value of 8 based on different magnitudes of logit prototypes
a. The results show that the proposed method is insensitive to the change in 8. Finally, setting the
magnitude of logit prototypes to a moderate value usually leads to the best results. According to the
above analyses, a moderate value of A can lead to more consistent performance improvements. Except
when « is too large, setting the value of 5 to 1 provides the best performance. Therefore, we set the
values of hyperparameters o, 5, and A to 5, 1, and 0.1, respectively.

5 Conclusion

In this paper, we proposed LPL with active multimodal representation for robust OSR. Specifically, a
learning framework in the logit space was designed to avoid representation differences between different
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Figure 6 (Color online) OSR performance of the proposed method with different hyperparameter values.

modalities while exploring intermodal correlations. The proposed entropy-based uncertainty estimation
method enables the active representation of multimodal data, overcoming the limitations of traditional
fusion strategies. Therefore, the robustness of recognition systems can be guaranteed with comprehensive
descriptions of the objects in the face of external disturbances. After learning discriminative decision
boundaries using the joint optimization strategy, the misclassification risks can be further reduced based
on the stepwise recognition rule with the fuzzy class. We conducted extensive experiments on multiple
datasets to prove the effectiveness of the proposed method, and the experimental results show that LPL
outperforms other state-of-the-art OSR methods in all cases. In the future, we will attempt to further
explore OSR with other challenging problems in the open world, such as learning with incremental classes
and learning from noisy labels.
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