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Abstract—Pattern classification systems have traditionally been trained
using a set of labeled training data and subsequently evaluated using
different testing data. The cost of labeling the training data is typically
substantial. Online Human-In-The-Loop (HITL) algorithms present an
alternate approach that enables useful classification for many real-world
applications using much less labeled data. These classifiers begin with
a very small amount of training data and iteratively improve their
performance by labeling a selected small number of utterances manually.
Unfortunately, there is no unified evaluation metric that considers both
classifier performance and annotation cost, which makes it difficult to
evaluate these algorithms objectively. Furthermore, the lack of such a
metric restricts the evaluation of online learning algorithms to prequential
evaluation (before the classifier is adapted to the newly-labeled evaluation
data), which does not realistically reflect the algorithm’s ability to adapt
to the data stream in real time. This paper introduces the Interactive
Machine Learning Metric (IMLM), a new unified evaluation metric that
makes the combination of performance and annotation cost for binary
classification tasks far less arbitrary. This metric is well suited for the
evaluation of online HITL algorithms and also allows for fair comparison
of different algorithms after adapting to the evaluation data. The value
and appropriateness of IMLM is demonstrated by evaluating a series of
Online Active Learning algorithms on a Spoken Language Verification
task.

Index Terms—online learning, human-computer interaction, active
learning, detection tasks, evaluation metrics.

I. INTRODUCTION

Conventional Machine Learning (ML) algorithms learn from a set
of manually annotated training data and are subsequently evaluated
on test data or deployed for operational use. In many use cases,
annotation of sufficiently large training corpora is costly, and the
algorithm struggles to generalize to unseen patterns that appear in
the test set. Online Human-In-The-Loop (HITL) algorithms address
both of these issues with conventional ML approaches by learning
incrementally from minimal annotated samples pulled directly from
the evaluation data stream, where the annotations are provided by a
human operator who is also a domain expert.

Examples of existing online HITL algorithms include Online
Active Learning (OAL) [1], Online Reinforcement Learning [2],
Online Apprenticeship Learning [3], and many others. In OAL, an
algorithm identifies a small subset of incoming samples from the data
stream that have been estimated to be the most informative, and then
queries the human user for the associated class labels. The machine
then learns from these labeled samples, and the process is repeated
as more data from the stream is presented. Online Reinforcement
Learning and Online Apprenticeship Learning also operate by ob-
taining information from a human about the data stream, but the
machine learns directly from provided environmental conditions or
demonstrated behavior rather than explicitly annotated samples to
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Fig. 1. The order of prequential evaluation and postquential evaluation in the
pipeline of a typical online HITL algorithm.

adapt to incremental changes. These algorithms have been applied
to a number of Natural Language Processing systems [4] including
dialogue learning [5]–[7] and topic modeling [8], [9], spam filtering
[10], network protocol identification [11], object classification [12],
and various detection and monitoring applications [13]–[16].

Online HITL algorithms are powerful tools for classifying massive
data streams. As the data streams grow in volume and complexity, hu-
man input becomes more valuable as a reliable source of knowledge
and course correction for the algorithm. Human input for large data
streams comes at a high cost, however. Therefore, the primary goal
in engineering online HITL algorithms is to train high-performance
classifiers that learn from a small number of human annotations.
In other words, efficient online HITL algorithms jointly minimize
classification error and annotation cost over the data stream.

One major issue in developing online HITL algorithms is the lack
of a metric that can measure this joint minimization. Of the many
existing metrics that measure classification performance (including
classification error, precision and recall, the F-measure [17], the
Receiver Operating Characteristic (ROC) and the Area Under the
[ROC] Curve (AUC) [18], along with cost functions like the Detection
Cost Function (DCF) [19]), none consider the effort required of
the human in the loop to achieve the performance being evaluated.
Devising an applicable metric is a challenging problem here because
annotation cost is usually measured in terms of time or number
of samples rather than a cost or a rate. This makes it difficult to
determine whether an algorithm that achieves a lower error rate using
more annotations is more optimal than an alternative algorithm that
sacrifices accuracy for a lower annotation cost.

Another issue in evaluating online algorithms is the question of
which point in the training pipeline is better for the evaluation to take
place (see Fig. 1). In many cases, evaluation is completed before the
model adapts to the most recent batch from the data stream. This
form of “prequential” evaluation is done to avoid mixing training
data with testing data [20]. While this approach is well motivated, it
does not reflect the real operational ability of the algorithm to adapt
to the data stream.IC
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In this paper, we define the Interactive Machine Learning Metric
(IMLM) [?], a new cost function that considers both the error rate and
annotation cost for detection and verification tasks. IMLM reduces
the arbitrariness associated with representing the impact of these two
very different attributes of HITL decision making by viewing both in
terms of time cost. This general approach allows for fair comparison
of algorithms that are trained on a non-identical subset of annotated
samples from the data stream. We show how IMLM can be used
to compare the efficiency of different online algorithms using an
illustrative example. In the example, we apply OAL algorithms to the
Spoken Language Verification (SLV) task and demonstrate the use of
IMLM and “postquential” evaluation to determine which algorithm
is objectively the most efficient.

This paper is focused specifically on the problem of detecting
events in long-running data streams while also leveraging the domain
knowledge of a human operator who benefits from the automatic
detection process. We also focus on metrics that are operationally
realistic in the sense that they force an algorithm to choose a
specific set of operating parameters without explicit knowledge of
how the parameters will affect performance, unlike metrics like ROC,
AUC, or Average Precision. One existing evaluation metric that
is operationally realistic and intended for detection tasks is DCF,
which requires a set of predictions from the classifier in order to
calculate false negative and false positive rate. However, DCF does
not consider the cost of requiring the human operator to provide
annotations throughout the data stream, which is key for evaluating
HITL algorithms for long data streams. IMLM directly accounts for
this cost in its formulation, giving it a unique advantage over other
existing evaluation metrics. We are not aware of any other metric that
combines the cost of annotation with a metric tied to error rate.

II. THE INTERACTIVE MACHINE LEARNING METRIC

The challenge of creating a single unified metric for online HITL
detection algorithms lies in justifying the combination of two values
from different modalities. Our approach to this issue is to view both
annotation cost and detection errors in terms of time cost.

Annotation cost is already typically measured in terms of time,
where each sample takes some amount of time, a, to annotate. For
example, to annotate a five-second segment of audio as either speech
or non-speech for the Speech Activity Detection (SAD) task, an
annotator would have to listen to that whole segment and make a
quick binary annotation. This means a would be 5 seconds at the
least. So, to annotate a whole dataset without the aid of an algorithm,
the required time cost would be Cb in Eq. 1, where N is the total
number of samples in the dataset.

Cb = a ·N (1)

Converting false positive errors to units of time is also straight-
forward. In the context of detection and validation tasks, the value
of an algorithm can be measured by how much time the algorithm
saves. For every non-target sample (i.e., not an event of interest)
correctly classified by the algorithm, the time spent by the user
observing unimportant data is reduced. Conversely, for every false
positive prediction, the user expends a similar amount of effort as
required to annotate the sample (i.e., the user observes the sample
and moves on). Thus, the cost of a false positive error is also a.

False negative errors are often much more costly than false
positives in detection and verification tasks because of the relative
rarity and importance of the target class. The time cost of false
negatives could be viewed as the effort required to circle back and

find the target samples manually, or as the time spent dealing with
the real-world harm of missing the information in a target sample.
Here, the time cost can be difficult to quantify, so, for simplicity,
we assume that false negatives are q times more costly than false
positives on average, q · a. Putting all these costs together, we can
express the total time cost after applying an algorithm as Ca below.
Here, Nann is the number samples labeled for the purpose of training
or fine-tuning the algorithm, and Nfp and Nfn are the number of false
positive and false negative errors, respectively.

Ca = a(Nann +Nfp) + qaNfn (2)

Because of variable dataset sizes, it is useful to express the time
cost of a detection algorithm as the relative cost savings compared
to manual analysis. Thus, IMLM can be defined and simplified as in
Eq. 3.

IMLM =
Ca

Cb
=

a(Nann +Nfp) + qaNfn

aN

IMLM =
Nann +Nfp + qNfn

N
(3)

A. Determining the Cost of a False Negative Error

The time cost of a false negative error can vary in severity based
on the application. As such, the value of q should be set to the needs
of the user. If it is desired to match the typical definition of DCF
where false negatives are three times as expensive as false positives
[21], one could set q = 3. However, it should be noted that this
DCF weighting was determined “at the request of the participants”1

and is just as arbitrary as any other weighting. As a less arbitrary
alternative, we provide here a logically-motivated rule of thumb for
setting q based on the prevalence of the target class.

In many applications, false negatives become more costly as the
target class becomes more scarce. This is because a rare class is
difficult to find (manually or algorithmically), so circling back to
find missing information becomes especially time consuming. This
characteristic of detection tasks can be reflected in the weight of false
negative errors by setting it to a ratio of target class prevalence, as
shown in Eq. 4.

q =
N

Ntarget
(4)

Substituting Eq. 4 for q in Eq. 3 and simplifying yields

IMLM =
Nann +Nfp

N
+

Nfn

Ntarget
. (5)

Of course, there are situations in which false positive errors
are more detrimental than false negatives (e.g. Automatic Speaker
Verification [22]), or where the target class is more prevalent than
the non-target class. In these cases, q should be adjusted to meet the
needs of the task.

B. Intuitive Interpretation

Eq. 5 is an intuitively satisfying representation of relative time
cost reduction. Since the IMLM is formulated as a ratio, the range is
[0,∞). (Note that the value can approach infinity if a large volume
of annotations outside of the data stream are used for pre-training.)
If the resulting value is less than 1, the algorithm saved time; if it is
greater than or equal to 1, the algorithm was no better than manually
reviewing the whole data stream. Furthermore, the fractions in Eq.
5 are nearly identical to the false negative and false positive rate

1Evaluation Plan for NIST OpenSAD15
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expressions used to calculate DCF. Thus, the IMLM can be viewed
as a DCF that considers annotation cost.

III. POSTQUENTIAL EVALUATION

Online HITL algorithms can be meaningfully evaluated at two
points in the pipeline, as depicted in Fig. 1: before online adaptation
(“test-then-train” or “prequential”) and after online adaptation (“train-
then-test” or “postquential”).

Prequential evaluation has long been the preferred method, since
it guarantees that different test runs will be evaluated on identical
evaluation data. Prequential evaluation has also been shown to
converge to evaluation on a held-out test set under certain conditions
[20]. In a laboratory setting, these are useful properties that allow for
objectively fair comparison in the traditional sense.

Postquential evaluation, on the other hand has been largely over-
looked, only appearing outside of this work in one singular piece
of literature [23]. Despite its lack of widespread use, postquential
evaluation has an advantage over prequential evaluation in that it
captures the effect of model adaptation using the data from the current
batch. Not only is this informative from an engineering perspective,
but it also provides a more realistic view of the performance of the
model, since the predictions from the most up-to-date adapted model
are expected to be the most accurate in real operational settings.

It is also notable that it is not necessary to use only one evaluation
order at a time; prequential and postquential evaluation can be used
together to form a larger picture of the behavior and performance
of an online HITL algorithm. For example, the difference between
the pre- and postquential metrics over time illustrates how efficiently
the algorithm utilizes the data from the current sessions compared to
previous sessions.

A. Addressing Concerns with Postquential Evaluation

The primary reason that postquential evaluation has not been used
in the past is likely that this kind of evaluation causes the training
set to be mixed with the test set. “Testing on the training data”, of
course, only tests an algorithm’s ability to memorize data and is not a
valid form of evaluating algorithms in a traditional sense. However,
this becomes less of a concern when viewed form the perspective
of an online HITL algorithm. All HITL algorithms are essentially
designed with two classifiers built in—the machine classifier and the
human in the loop. As such, as long as the cost of using each type
of classifier is accounted for (by using a metric like IMLM), “testing
on the training data” in the context of postquential evaluation should
be both fair and informative.

IV. ILLUSTRATIVE EXAMPLE

In this section, we illustrate the application of the evaluation
methods introduced above by evaluating algorithms applied to the
SLV task. The algorithms and the task are described below, followed
by evaluation and analysis of the results.

A. Spoken Language Verification

SLV is the binary classification task of identifying whether a given
utterance is in a pre-determined target language. This is different from
Language Identification (LID), which is a multi-class classification
task with the goal of determining which language from a list of
possible languages is being spoken.

The dataset used for these experiments is composed of utterances
from the South Asian and Southeast Asian languages found in the
Common Voice Corpus [24]. The training and development splits of
Common Voice were used where offline training was required, and
all online functions were evaluated on the test split. Since Common

Feature
extraction

H
idden
1024

H
idden
1024

Em
bedding
256

H
idden
1024

H
idden
1024

H
idden
1024

O
utput
2

Contrastive
Loss

Classification
Loss

Prediction

Input
sample

Contrastive
sample

Contrastive
Siamese Network

Classifier
Network

H
idden
1024

Fig. 2. The constrastive classifier used in the experiments in this paper.

Voice is not organized in any particular order, we define the order
in which the samples are presented in the simulated data stream by
leveraging a Dirichlet distribution. This method of simulating data
streams is common in the Test-Time Adaptation literature, since
real data streams are rarely truly uniform in their temporal class
distribution [25].

There are 13 Southeast Asian and 20 South Asian languages in
Common Voice. We chose 9 target languages that composed 1-5%
of each dataset, including those shown in Table I.

Language Abbr. Train size Test size Test prevalence
Cantonese yue 2,068,763 90,720 2.86
Indonesian id 2,068,763 90,720 3.97
Vietnamese vi 2,068,763 90,720 1.39

Dhivehi dv 894,222 68,400 3.22
Hindi hi 894,222 68,400 4.59

Malayam ml 894,222 68,400 1.03
Marathi mr 894,222 68,400 2.55
Saraiki skr 894,222 68,400 1.47
Odia or 894,222 68,400 1.01

TABLE I
COMMON VOICE SOUTHEAST ASIAN AND SOUTH ASIAN TARGET

LANGUAGES, DATASET SIZES, AND TARGET PREVALENCE.

B. Algorithms

The algorithms evaluated in this demonstration are neural net-
works trained using a conventional Passive Machine Learning (PML)
paradigm and using a set of OAL paradigms with varying query
budgets. More details are described below.

1) Neural Network Architecture: The neural network used here
is the contrastive classifier depicted in Fig. 2 [26]. This network is
composed of a pre-trained feature extractor followed by a Siamese
network and a classifier composed of linear layers. The feature
extractor is an ECAPA-TDNN trained on the VoxLingua107 dataset
for LID from SpeechBrain2. The overall loss of the network is a
weighted combination of the contrastive loss [27] for the Siamese
network and Cross-Entropy for the classifier, where the weight on
the classification loss is 0.09 that of the contrastive loss.

2) Learning Paradigms: The primary learning paradigm that is
analyzed in the following section is the OAL paradigm. In this
paradigm, a neural network classifier that is initialized on a minimal
bootstrap corpus from the training set data (comprised of 8 utterances
in these experiments), is adapted to and then evaluated on incoming
batches from a data stream. Each batch contains 720 utterances. For
every batch, the algorithm is allowed to query the human about the

2https://huggingface.co/speechbrain/lang-id-voxlingua107-ecapa
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class label of M utterances. In the experiments below, we use IMLM
to determine how many queries per session will be the most cost
effective, so we define M as the independent variable. The values of
M explored here are 2, 4, 6, 8, 10, 12, 14, and 16. In other words,
only 0.3%, 0.6%, 0.8%, 1.1%, 1.4%, 1.7%, 1.9%, and 2.2% of the
evaluation data are used to adapt the algorithm.

As an additional comparison, we train the same neural network
using a conventional PML paradigm. This training is done offline
and uses a much larger training pool (see the training split sizes in
Table I).

All training is done using the Adam optimizer and early stopping
with a patience of 15 epochs. Every experiment used a learning rate
of 10−4 and weight decay of 10−5. Additional details are on Github3.

C. Results and Analysis

The primary results of the experiments are shown in Fig. 3. Here,
we report aggregated OAL results across all SLV languages and
report the scores of different query allotments in the left column
panels. Considering the DCF and query allotment separately, it may
be difficult to determine objectively whether the minimum DCF score
achieved using 12 queries per session is more efficient than the
slightly higher score achieved using only 6 queries per session. The
IMLM metric makes objective evaluation easier by combining error
rate and annotation cost into a single number. Here, we can see that
the minimum IMLM score indeed appears at 12 queries per session,
so the minimum DCF point is most efficient.

Fig. 3. Performance of OAL algorithms with different query allotments
aggregated across all target languages (left column) and for the Odia language
alone (right column). Performance is measured by DCF (top row) and IMLM
(bottom row). Minima are highlighted in yellow.

Note that, in the left column of Fig. 3, the two metrics choose
the same point even though the weightings are drastically different—
DCF uses the standard 3:1 weighting while IMLM uses q ≈ 55 based
on Eq. 4. An example of an individual language where the DCF and
IMLM did not agree on an optimal operating point is Odia, in the
right column. For this specific instance, the metric indicates that the
algorithm with fewer queries and marginally higher DCF is more
efficient than the algorithm that achieves the absolute minimum DCF
with more queries.

IMLM can be used to compare online algorithms like OAL to
conventional PML algorithms by considering the cost of annotating
the training dataset. The results of the PML algorithm (shown in
Table II), are worse than the OAL algorithm in many cases in terms
of DCF. This happens because, despite learning from over 1,000 times
as much training data, PML does not adapt directly to the data stream
like OAL does. The IMLM shows an even larger difference than DCF
because of the disparity in training resources. Specifically, the IMLM

3https://github.com/markrl/oalcf

value of the PML run indicates that, given the number of manually
labeled samples, the whole process took nearly 17 times longer than
it would have to manually review only the evaluation set. On the
other hand, every OAL algorithm speeds up the process significantly
because they achieve lower error at a fraction of the annotation cost.

Paradigm # annotations DCF IMLM
PML 12,465,843 0.281 16.975
OAL 11,448 0.066 0.108

TABLE II
LABEL COUNT, DCF, AND IMLM AGGREGATED ACROSS ALL SLV
LANGUAGES FOR THE PML AND OAL (12 QUERIES) PARADIGMS.

We demonstrate the utility of postquential evaluation in Fig. 4.
Here, we show the aggregated DCF and IMLM scores throughout
the South Asian data stream and observe an expected pattern: the
postquential scores are always better than the prequential scores
because the former evaluates the adapted model while the latter does
not. We do observe, however, that the gap between the two curves
on each plot narrows as the model learns from the data stream. This
indicates that adaptation is crucial for a new model, but a mature
model may be able to perform reasonably well without utilizing
adaptation data.

Fig. 4. Prequential and postquential trends aggregated across all South Asian
languages in terms of DCF and IMLM. For both, the postquential scores are
better than the prequential scores, but the gap narrows over time.

V. CONCLUSIONS

In this paper, we introduce IMLM as a new method for evalu-
ating online HITL algorithms. IMLM allows consideration of both
annotation cost and error rate in a single metric by viewing both
in terms of time cost. Since IMLM considers annotation cost, it
also enables postquential evaluation—evaluation of online methods
after classifier adaptation rather than before—which provides a more
realistic view of a classifier’s ability to adapt. We demonstrate the
use of IMLM and postquential evaluation with an illustrative example
using conventional PML and various forms of the OAL paradigm to
perform the SLV task on languages from Common Voice. Based on
its intuitive nature and applicability to a real-world online learning
task, we prove that IMLM is an important and necessary metric for
evaluation of online HITL algorithms.

The IMLM introduced here is limited to evaluating the error rate
and annotation cost of binary classifiers. Future work might extend
the metric to handle multi-class classifiers and regressors. IMLM
could also be adjusted to consider computational cost or operating
cost, since online learning can be computationally intensive, and
HITL operations can be financially costly due to the need of human
operators. Despite these limitations, the introduction of IMLM marks
an important step toward better evaluation of online HITL algorithms.
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