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Abstract—Modern machine learning models can achieve im-
pressive results in many tasks, but often fail to express reliably
how confident they are with their predictions. In an industrial
setting, the end goal is usually not a prediction of a model, but
a decision based on that prediction. It is often not sufficient
to generate high-accuracy predictions on average. One also
needs to estimate the uncertainty and risks involved when
making related decisions. Thus, having reliable and calibrated
uncertainty estimates is highly useful for any model used in
automated decision-making.

In this paper, we present a case study, where we propose a
novel method to improve the uncertainty estimates of an in-
production machine learning model operating in an industrial
setting with real-life data. This model is used by Basware, a
Finnish software company, to extract information from invoices
in the form of machine-readable PDFs. The solution we propose
is shown to produce calibrated confidence estimates, which out-
perform legacy estimates on several relevant metrics, increasing
coverage of automated invoices from 65.6% to 73.2% with no
increase in error rate.

Index Terms—machine learning, uncertainty estimation, con-
fidence calibration, failure prediction, information extraction

I. INTRODUCTION

In recent years, machine learning (ML) models have been
shown to produce impressive results in a wide range of
tasks. However, the same models which yield high-accuracy
predictions are usually poor in expressing reliably the confi-
dence in those predictions [1]. This is even more true if the
predictions are made for data, which originates from a different
distribution than the data used in training the model [2], [3]. In
real life, these predictions are leveraged in automated decision-
making. Thus, the inability to reliably quantify the ubiquitous
uncertainty presents a serious risk. The ML systems of today
are deployed in increasingly large-scale, autonomous, open-
domain situations [4], which underlines the need to assess
these uncertainties in a reliable and robust manner. Accurate
uncertainty estimation provides models with resilience to
retain their utility even under volatile circumstances.

There are many ways in which models can express un-
certainty in their predictions. Bayesian models are trained to
output distributions instead of point predictions [5]. Conformal
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predictions yield their predictions as sets [6]. In both cases,
considerable effort is needed in implementing these uncer-
tainty estimation techniques and further analysis is required
in interpreting the results they yield. A more straightforward
and easily interpretable way is to express uncertainty as
a scalar value. A common choice is to use a confidence
score [1], which is typically restricted on the interval [0, 1],
with 1 signaling maximal confidence. Confidence scores can
be derived in many different ways depending on the model. For
example, a probabilistic classifier with K classes is a mapping
f: X = Ak, where A is the K —1 dimensional probability
simplex. The predicted class is y = ARGMAX(f(x)) and
MAX(f(x)) is typically used as the confidence score for the
prediction.

Confidence estimates have been utilized in information
extraction (IE) as well, although deriving them might be less
straightforward and depend on the specifics of the model being
estimated. We present some previous strategies for this in
Section V. In recent years, there has been a growing interest
in developing IE solutions for semi-structured documents,
where the 2D location of the information is highly relevant.
Such documents include invoices, receipts, and forms with
varying layouts. They are frequently used in financial, medical,
and other domains. Currently, confidence estimation in these
solutions is somewhat lacking, typically restricted to pixel or
token level [7]-[10], while document level confidence scores
might be preferred instead.

A naive interpretation would equate the confidence score of
a prediction with the probability that the prediction was cor-
rect. However, this is not usually the case: Empirical analysis
shows that the probabilistic predictions of contemporary ML
models are often either under- or overconfident [1], [11]. For
example, if one looks at all the predictions a model made with
say 80% confidence, it might be the case that the expected
accuracy of those predictions was only 50%. A model, for
which the interpretation of confidence scores as probabilities is
justified, is called calibrated. If the confidence scores produced
by a model are not calibrated, they can be re-calibrated by
applying a post hoc calibration mapping on the confidence
scores in order to have a better match between the confidence
scores and empirical probabilities [1], [2], [11]-[17]. Also,
some specific ways of training models induce an implicit
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Fig. 1. An example of an invoice, along with the corresponding prediction

calibration effect on the confidence scores [3], [18]-[22].

In this work, we present a case study, where we suggest a
novel hybrid ML method to improve upon existing confidence
estimates of a deployed IE model by the Finnish software
company Basware used to process machine-readable PDF
invoices on an industrial scale. We propose to augment this
model with an unintrusive auxiliary part, which uses latent
representations and statistics of the base model gathered during
inference as inputs and learns to assign calibrated confidence
scores for each prediction of the base model. By unintrusive
we mean that no changes in the architecture or training
process of the base model are needed. These confidence scores
can then be used in automated decision-making as well as
downstream tasks such as model monitoring. We strive for
calibrated confidence scores, since they enable a more accurate
assessment of the risks involved, yield a principled way of
monitoring the predictive accuracy, and allow rejection of low
confidence predictions [3]. We show that the proposed solution
improves on the legacy confidence estimates by a significant
margin on several relevant metrics.

In summary, the key contributions of this paper are:

1) We propose a novel hybrid ML method for estimating
the confidence of the predictions of an IE model ensem-
ble by inspecting latent representations of the models
together with statistics gathered during inference (in
Section III).

2) We demonstrate the effectiveness of the proposed
method with a case study in an industrial information
extraction setting with real-life data (in Section IV) and
compare it to related research (in Section V).

3) We provide insight and analysis for the generalizability
of the method to other similar cases (in Section VI).

II. CASE DESCRIPTION

Basware is a publicly listed software company selling
enterprise software for financial processes, purchase-to-pay,
and financial management operating in over 170 countries.
Their Al product consists of a complex distillation pipeline
(DPL), which processes PDF invoices. At the core of the
DPL is an ensemble of six image segmentation models, called
a committee. Each model in the committee independently
produces a heatmap representation for each field of targeted
information, such as total amount, tax, invoice number, freight,
and so on. The heatmaps are then interpreted to locate the
desired information on the invoice. Once the location has been
established, information in that location can be directly read
from the PDF file.

For each invoice processed, a decision of whether the
inference can be trusted needs to be made. Low confidence
predictions are rejected and sent to manual inspection, which
cuts profits. Thus, maximizing the fraction of automated
invoices (with acceptable precision) is a key performance
indicator (KPI). We refer to this fraction in this work as
coverage. The confidence estimate is based on both hard
and soft predictions [23]. The hard confidence is simply the
number of models within the committee in agreement with
the majority prediction. The soft confidence is derived from
statistics on the heat expressed in the heatmaps. A sample
invoice along with the gathered statistics is shown in Fig. 1.
In this work, we refer to this soft confidence as legacy
confidence. Complex heuristics are applied to arrive at both
the final value for the extracted information as well as the
final confidence estimates. The final decision of whether an
invoice can be processed automatically is made on the basis
of whether the predictions for five important fields, namely
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Fig. 2. A heatmap stack of six heatmaps from the Heatmap extractor for field total for one randomly picked invoice. Typically, most pixels express very
little heat. Although these representations are very similar, small differences can be observed. Our proposed solution seeks to leverage these differences in

predicting whether the inference of the DPL led to a correct prediction.

invoice_number, issue_date, subtotal, tax and
total have been made with high enough confidence.

Currently, confidence is mainly based on hard predictions,
since the quality of the soft predictions is assessed to be
lacking. However, the hard predictions act as a rather coarse
metric, since it can only take six distinct values (1-6). In
this work, we seek to develop a new solution to replace the
legacy confidence estimates with calibrated confidence scores
for better-quality soft predictions, which would enable a more
fine-grained scale for the confidence scores of the predictions
of the DPL.

III. METHODOLOGY

Our proposed solution can be labeled as a mechanism for
failure prediction [24] or selective classification [23]. Either
way, the idea is to identify data points (in our case invoices),
which a given model is less likely to predict correctly, due to
the data point being ambiguous, out-of-distribution (OoD), or
otherwise anomalous. In general, when a failure prediction
mechanism is based on confidence scores, it is essentially
solving a ranking task [25]. Ideally, correctly predicted sam-
ples should be assigned with higher confidence scores than
misclassified samples. In the following subsections, we present
our solution designed to solve this task. Our proposed hy-
brid method consists of convolutional networks, an XGBoost
model, and a Beta calibration mapping.

A. Convolutional Networks

In order to test our proposed method, we sampled a set of
roughly 240,000 real-world invoices with known ground truth
values. At the beginning of the DPL is an in-house clustering
algorithm, which tries to assign a template id for each invoice
processed by the system, though this is not possible for some

outliers. Our dataset contains only invoices with a known
template id. Invoices were selected so that all known template
ids are represented and the imbalances in their distribution are
reflected. We restricted our dataset to contain only single-page
invoices for simplicity.

We made use of the 160 x 256 pixel heatmap representations
produced by the DPL. For each of the five important fields, we
stacked the heatmaps produced by the six models (shown in
Fig. 2) in the committee as three-dimensional representations
and trained a convolutional network to predict, whether the
information for that field was extracted correctly by the DPL.
Since a lightweight solution was sought after, we used a
modernized version of the LeNet-5 architecture [26] as a
starting point. We experimented with kernel and filter sizes
as well as the number of layers, until settling on the solution
presented in this work. We used spatial dropout and dropout
as a form of regularization, with the dropout rates tuned to
achieve the best possible generalization performance.

On the first layer, the model performs 3-dimensional convo-
lutions directed to compare differences between the heatmaps
of the different models. This layer also flattens the 3D repre-
sentations into two dimensions. Then, four more convolutional
layers, each followed by a max pooling layer, were added.
These were followed by four fully connected layers, where the
final layer has only one node and a sigmoid activation. Padding
is performed before convolutions to retain input dimension
with the exception of the first convolutional layer. ReLU
activations are used after each convolutional and dense layer,
with the exception of two final layers. A summarization of the
architecture is given in Table 1.

These five convolutional network models were trained to
predict, whether the DPL resulted in a correct prediction
for a given field, given the heatmap representations for all



TABLE I
LAYER DESCRIPTIONS FOR THE PROPOSED ARCHITECTURE

Layer | input dimension | description | output dimension
1 160 x 256 x 6 x 1 | Conv3D (kernel: 1 x 5 x 6, filters: 8, flatten to 2D) 160 x 256 x 8
2 160 x 256 x 8 Conv2D (kernel: 5 x 7, filters: 16) 160 x 256 x 16
3 160 x 256 x 16 MaxPool2D (kernel: 3 x 3, stride: 2 X 2, spatial dropout rate: 0.1) | 80 x 128 x 16
4 80 x 128 x 16 Conv2D (kernel: 3 x 5, filters: 32) 80 x 128 x 32
5 80 x 128 x 32 MaxPool2D (kernel: 3 x 3, stride: 2 X 2, spatial dropout rate: 0.1) | 40 x 64 x 32

6 40 x 64 x 32 Conv2D (kernel: 3 x 5, filters: 48) 40 x 64 x 48

7 40 x 64 x 48 MaxPool2D (kernel: 3 x 3, stride: 2 X 2, spatial dropout rate: 0.1) | 20 x 32 x 48

8 20 x 32 x 48 Conv2D (kernel: 1 x 1, filters: 12) 20 x 32 x 12

9 7680 Dense (dropout rate: 0.33, activation: ReLu) 300

10 300 Dense (dropout rate: 0.33, activation: ReLu) 150

11 150 Dense (dropout rate: 0.25, activation: Tanh) 24

12 24 Dense (activation: sigmoid) 1

members of the committee. Each model was trained with
Adam optimizer (learning rate: 0.0005) for 8 epochs with
a batch size of 128. We applied simple data augmentation
by shuffling the order of the heatmaps in the heatmap stacks
between training epochs. The initial results for this approach,
although promising, were deemed not good enough. For
fields invoice_number and total, the results were quite
good (~ 95% accuracy on an independent test set), but for
other fields, they were significantly worse (80 — 90% test
set accuracy). One shortcoming of this approach is that the
convolutional networks can only express confidence on the
per-field level, whereas confidence on the document level
was sought after. Furthermore, the convolutional networks
are trained to predict the per-field confidences independently
of each other. In reality, there are dependencies between
these predictions, as the predictions for each field are derived
from the same data (a particular invoice), which acts as a
confounder. Thus, we decided to augment our solution to
account for these dependencies.

B. Augmented feature vectors

After training the convolutional networks, instead of using
them to derive final confidence estimates, we used them
as feature extractors by dropping the final layer from the
networks and using the 24-dimensional output vector from the
penultimate layer as an embedded latent representation of the
heatmap stack for a given field on a given invoice. In order
to get more expressive latent representations, we replaced the
ReLu activation on the penultimate layer with Tanh, with no
decrease in predictive performance. We then sought to increase
the expressiveness of these Heatmap features even further.

Since the convolutional networks pay attention only to local
details in the heatmaps, we also decided to complement the
Heatmap features with statistics from the heatmaps, which
would be able to capture more global characteristics of the
heatmaps. First, we created a mean map by averaging the
per-pixel heat of all pixels over all 6 models. Then, the
maximum, average, and variance of the mean map values
were calculated. In addition, an entropy map was also created,
containing the per-pixel entropy between the models. After
this, three different heat thresholds, namely 0.001, 0.01, and

0.1 were employed. If the maximum heat value for a pixel over
all heatmaps in the stack was below a given heat threshold,
that pixel would be discarded from the calculations for that
threshold level. For all heat threshold levels, 6 statistics were
calculated: The number of pixels included, the average and
variance of the mean map for all included pixels, and finally,
the minimum, average, and variance of the entropy map for
all included pixels. Thus, a total of 21(= 3 + 6 - 3) values
for each of the five important fields were gathered, referred to
here as Heatmap statistics.

The intuition behind this way of gathering statistics arises
mainly from a finding that the heatmaps typically consist
mostly of pixels with low heat. This is illustrated in Fig. 2.
If the heat value of a certain pixel is very close to zero in
all heatmaps, comparing the maps over that pixel is uninfor-
mative, which justifies the use of thresholding. If the models
place heat in highly different locations, the number of pixels
exceeding a threshold grows larger, and the per-pixel entropies
and overall variance tend to grow larger as well. On the other
hand, if the models place the heat in similar locations but
the absolute heat values are small, the average values tend to
become smaller.

Finally, we gathered 6 more Committee statistics for each
field, produced by the DPL during inference as shown in
Fig. 1. We combined the Committee statistics together with
the Heatmap features and Heatmap statistics to form 51-
dimensional augmented feature vectors per important field.
Finally, we concatenated the 5 per-field augmented feature
vectors as a single 255-dimensional augmented feature vector
representation for each invoice.

C. XGBoost and Calibration

Using the 255-dimensional augmented feature vectors as
inputs, we trained a binary XGBoost classifier [27] to predict,
whether the DPL could predict all important fields for the
corresponding invoices correctly or not. XGBoost was chosen
since it is generally recognized as a state-of-the-art model in
classification tasks. Because the XGBoost model has access
to features related to all important fields, it can leverage the
dependencies between the different fields when making its
predictions. The hyperparameters of the XGBoost model were
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tuned with Bayesian hyperparameter optimization [28], using
the scikit-optimize! library.

After training the XGBoost model, its soft outputs were in-
terpreted as confidence scores for the whole invoice. However,
it was to be expected that these confidence scores would be
uncalibrated. Thus, as a final part of our confidence estimation
pipeline, we trained a Beta calibration [12] mapping to map the
soft outputs of the XGBoost model to better match empirical
probabilities. We chose Beta calibration for our post hoc
calibration method out of several tested methods, since it gave
the best performance and was deemed more stable than some
equally good options.

The flow chart of the entire proposed hybrid solution is
depicted in Fig. 3. It shows how our proposed hybrid confi-
dence estimator attaches to the final stages of the DPL, gathers
the extracted heatmap stacks and Committee statistics, creates
the augmented feature vector representations, and predicts a
calibrated confidence score for each invoice. Naturally, ground
truth is only available during training. We used a stratified split
for the data, where 40% of the invoices was used in training
the convolutional networks, 40% in training the XGBoost
model, 10% in training the Beta Calibration mapping and the
remaining 10% as an independent test set.

IV. RESULTS

The ultimate goal of our proposed solution is to produce
calibrated confidence scores to be used in dividing predictions

Uhttps://scikit-optimize.github.io/stable/

of the DPL into two categories (trust or reject). Thus, the qual-
ity of the split depends on the chosen confidence threshold or
operating point [29] and it is justified to assess the predictive
quality over all possible operating points. A commonly used
metric in this context is the Receiver Operating Characteristic
(ROC) curve [29], where the true positive rate is plotted
against the false positive rate over all confidence thresholds.
Area Under the ROC Curve (AUC) can be used as a scalar
overall performance metric when needed. It can be interpreted
as a ranking quality metric, measuring the probability that the
confidence scores given by a classifier will rank a randomly
chosen correctly predicted instance higher than a randomly
chosen incorrect one [30].

In addition to ROC, we measure our model’s pre-
cision/coverage trade-off by an Accuracy-Reject Curve
(ARC) [31], which shows the accuracy of the non-rejected
predictions (precision) as a function of the rejection rate. In
this work, we replace the rejection rate with coverage, since
the KPI of the Basware DPL is expressed in terms of coverage.
Also, rejection rate and coverage are additive inverses, so they
convey essentially the same information. Similar to AUC, Area
Under the ARC Curve (AURC) can be taken to indicate model
overall performance [31].

The ROC and ARC curves are shown in Fig. 4. They show
that the confidence scores produced by our proposed solution
dominate the legacy confidence scores across all confidence
thresholds. Our proposed solution improves AUC from 0.795
to 0.911 and AURC from 0.760 to 0.842 when compared
to the legacy confidence estimates. The improved separation
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between correct and incorrect predictions is seen in Fig. 5.
By fixing the confidence threshold to correspond with the
target precision currently used in production, the confidence
estimates produced by our proposed method would increase
coverage of automated invoices from 65.6% to 73.2%.

Finally, we show calibration performance in the form of
a reliability diagram [32] in Fig. 6. We divided all confi-
dence scores into 20 bins, where bin boundaries are selected

adaptively so that all bins contain a roughly equal amount
of predictions. In each bin, the average confidence score
is compared to the fraction of positive samples (average
accuracy) in the bin and shown in the diagram as deviation
from zero (perfect calibration). We use bootstrap sampling to
estimate confidence intervals as suggested in [32]. We measure
calibration performance with Adaptive Expected Calibration
Error (AdaECE) [19], since adaptive binning has been shown
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to be more robust [33] than equiwidth binning when measuring
calibration error. It is defined as

B
| ’r;n| |Am - Cm| )

M
AdaECE = Z (1)
m=1
where n is the total number of samples, M = 20 the number
of bins, B,, the set of samples in bin m, and A,, and C,,
the average accuracy and confidence of samples in bin m
respectively.

This metric is best understood as a weighted average of
binwise deviations (or gaps) |A,, — Cyy|. It is minimized when
all deviations equal zero, which signals perfect calibration. As
is seen in Fig. 6, the Beta calibration mapping improves model
calibration dramatically, resulting in near-perfect calibration.

Interpreting the significance of measured calibration error
is rather tricky [32]-[34] since each binning strategy induces
a distinctive bias in the results. One way around this problem
is to approach calibration performance from a hypothesis-
testing viewpoint. One suggested approximate test calculates
empirical confidence intervals and rejects the hypothesis of
perfect calibration if zero deviation is not included in all
bins [32]. A visual inspection of Fig. 6 shows that our
proposed method passes this test.

V. COMPARISON TO RELATED WORK
A. Failure Prediction and OoD Detection

A simple baseline method to assess whether an instance
given to a softmax classifier should be labeled as abnormal
(being either misclassified or OoD) is to rank the predic-
tions on the basis of (uncalibrated) confidence scores and
label an instance as abnormal if the related confidence score

does not exceed a user set confidence threshold [24]. This
approach is motivated by a finding that even though modern
neural networks make high-confidence incorrect predictions,
the distributions of confidences for correctly and incorrectly
classified samples might still be different enough to make the
separation between the two somewhat possible, at least in
some cases [24]. The user is responsible for setting a suitable
confidence threshold.

Several methods have improved upon this baseline since. In
a method labeled ODIN [35], small perturbations are added
to the training samples and temperature scaling [1] is applied
on the softmax outputs. This method is used mainly as an
OoD detector and is shown to gain significant improvements in
many cases. A potentially complementary method is presented
in [36], where the authors devise a new loss function to be
used in training the base model. The proposed loss function
requires OoD samples to be available at training time and the
authors suggest using a generative adversarial network (GAN)
to generate “boundary’ samples from the low-density areas of
the training samples. Although both of these methods yield
promising results in image classification, it is not obvious
how one would apply them in the case of semi-structured
documents.

Any method, which uses confidence scores as a criterion
for whether to trust or reject a prediction, requires the sepa-
ration of predictions into correct and incorrect classes to be
sharp [37] enough, meaning that there is minimal overlap
between the two classes. In this sense, our proposed method
is shown to produce good quality confidence scores, although
the overlap between the correct and incorrect predictions is
still not completely eliminated.



B. Confidence estimation in information extraction

In IE, early approaches utilized hidden Markov Models and
Conditional Random Fields in estimating confidence in the
extracted tokens, fields, or even entire records [38]. More
recently, techniques from natural language processing (NLP),
such as recurrent neural networks have shown competitive re-
sults [8]. These approaches view documents as non-structured
1D sequences of serialized tokens. Important structural infor-
mation, useful for extracting information from semi-structured
documents, is thus discarded [10].

There has also been development to use techniques from
computer vision (CV) to account for the spatial information
in semi-structured documents [7], [10]. These techniques view
2D document understanding as an image segmentation task.
However, in CV-based IE methods, predictive confidence is
expressed on a pixel-by-pixel level. Although these pixel-
wise confidence scores can be used in estimating segmentation
quality [39], [40], this approach is less relevant in IE, where
confidence should be expressed in relation to the extracted
fields or entire documents instead of segmentation masks.
The most recent approach, with current state-of-the-art results
in semi-structured document understanding, is to combine
techniques from both NLP and CV to train a transformer-based
model with multi-modal representations of the semi-structured
documents [9]. In this approach, confidence is expressed on a
word token level.

Thus, all current methods leveraging techniques from CV
require additional aggregation, if document-level confidence
scores are needed. No prior published method for how such
aggregation should be carried out exists to the best of our
knowledge. Our proposed method performs this aggregation
as part of its internal function.

C. Auxiliary models

There have been some studies, where an existing ML model
has been augmented with an auxiliary part, which tries to
assign confidence scores to predictions of the original model.
This approach is partly motivated by several findings that a
model might not be the best judge of its own trustworthi-
ness [41]. A neural network performing multi-class classifica-
tion is augmented with a confidence estimation branch in [42].
The confidence branch receives logits from the penultimate
layer of the original model as inputs. It then processes these
logits through one or more fully connected layers and is trained
to output a scalar confidence estimate. This approach is shown
to beat the baseline method presented in [24], when used in
OoD detection. A similar approach is taken in [43], where
an image recognition system consisting of convolutional and
linear layers is augmented with a confidence network, which
takes the feature maps produced by the convolutional layers
as input and outputs a scalar confidence score. The confidence
network is trained to output the probability of the true class.
The method is shown to produce competitive results in failure
prediction.

An auxiliary class used to represent misclassified samples
is added to labels in a multi-class setting in [44]. The base

model (a neural network) is first trained in the normal fashion
to produce standard K -dimensional prediction vectors through
a softmax function. Then, a new (K + 1)-dimensional set of
labels is generated, where each correctly predicted instance
retains its original label and each incorrectly predicted instance
is assigned the label K + 1. Another lightweight model (a
shallow neural network with a small number of neurons) is
then trained using the logits of the base model as inputs
and the augmented labels as targets. The authors show that
this approach yields state-of-the-art calibration performance
in several multi-class classification tasks, while also providing
better separation between the correctly and incorrectly pre-
dicted samples.

Perhaps the most similar approach to current work is taken
in [45], where the authors inject linear classifier probes
between the hidden layers of a ResNet model used for image
classification. These probes are essentially logistic regression
models trained in the same task as the base model, as if the
layer preceding them, was the final layer. Thus, each probe
outputs a prediction vector with the number of elements cor-
responding to the number of classes included in the task. The
prediction vectors, along with the prediction vector produced
by the base model are concatenated as a single feature vector.
This feature vector is then given as an input to a meta-model,
which is trained to produce a confidence score, reflecting the
probability that the base model made the right prediction.

Although all these methods overlap with the method pre-
sented in this study, they also differ in several ways. In all of
the above cases, the base models perform multi-class classi-
fication and output probability distributions through softmax
activations. In [42], [43] and [44] the auxiliary part is then
used to modify these softmax outputs in one way or another,
and thus they are not applicable since the base model in
this case study does not perform multi-class classification.
Furthermore, the method used in [42] requires changes in
the training process of the base model, which does not
satisfy our desiderata of an unintrusive solution. Also, due
to computational restraints, an approach similar to [45] would
have been hard to implement, since the outputs of the internal
layers of the image segmentation models in the DPL are huge
in size. Finally, the solution presented in this paper differs from
all of the above by instead of looking at the internal workings
of a single base model, it compares latent representations and
summary statistics from an ensemble of models.

VI. DISCUSSION

Although our proposed method is described in the context
of a specific case, the method can easily be generalized to any
ensemble, which generates latent representations for the input
data during inference, as long as it is reasonable to assume that
the resemblance of these representations to one another can be
taken as an indicator for the successfulness of the inference.
For ensembles used in classification, averaging out results
of the individual models has been shown to yield calibrated
confidence scores, which are robust even under data shift [3].
However, uncertainty estimation for other types of ensembles



is less straightforward, and novel methods for this purpose are
needed. We seek to bridge this gap with our proposed auxiliary
hybrid method.

Since our proposed method is unintrusive, it is straightfor-
ward to apply it to models that have already been deployed
as well. As such, it offers a simple and low-cost solution to
increase the utility and resilience of the base model since no
decommissioning of the base model is needed for including
the calibrated uncertainty estimates. On the most general
level, we promote the idea of auxiliary confidence estimators
probing the internal workings of a base model. Decoupling the
confidence estimation from the base model adds modularity to
the design process with all of its benefits [46]. The designers
of the base model can use all their efforts in building the best
possible model, and questions related to confidence estimation
can be dealt with separately.

Our proposed model, although consisting of multiple parts,
can be considered lightweight. Each of the five convolutional
nets consists of 2.4 million parameters and the pickled XG-
Boost model takes roughly 30 Mb of hard disk space. The Beta
calibration mapping consists of only three stored parameters.
The most time-consuming operation for the confidence esti-
mator pipeline is building the augmented feature vectors. The
added overhead from inference is negligible when compared
to this. Thus, an obvious improvement to speed up training
would be to parallelize the operations needed in building
the augmented feature vectors. On the other hand, during
inference, invoices arrive one at a time and thus no speed-up is
generated via parallelizing. Currently, training the entire con-
fidence estimation pipeline (including Bayesian optimization)
takes less than a day with a single RTX 3060 GPU with 12
GB RAM. Processing a single invoice through the confidence
estimation pipeline during inference takes roughly 0.1 seconds.
Thus, the added overhead from confidence estimation by our
proposed model can be considered minimal.

Since the ground truth (GT) label values are a result of
human labor, they contain some errors with varying amounts
for different fields. In this work, we chose to ignore these GT
errors. However, we make the point that our proposed method
could be used to locate potential GT errors by inspecting
invoices not aligning with GT, but still receiving a high
confidence score. These high confidence predictions labeled
as ’incorrect’ are present in Figure 5 with both the legacy
confidences and our proposed method and are the cause of
fluctuation in the left ends of the ARC curves in Figure 4.
The results presented in Chapter IV would likely improve
significantly if GT errors were cleaned.

Although confidence calibration is not strictly required in
selective classification, the statistical analysis needed in setting
a suitable rejection threshold is simplified. Furthermore, if the
confidence scores are not calibrated, a new threshold value
needs to be decided each time there is a significant shift
in the data distribution, or if the model is retrained. Some
downstream tasks, such as model monitoring, can also be done
in a more principled manner if the scores are calibrated. We
will delve deeper into these topics in future work.

VII. CONCLUSION

In this work, we presented a case study, where the uncer-
tainty estimates of an information extraction model deployed
in an industrial setting were improved. Our proposed solution
was to train an auxiliary model, which uses latent representa-
tions and statistics from the base model as inputs. The auxil-
iary model then learns to associate each prediction of the base
model with a calibrated confidence estimate. The proposed
solution was shown to produce confidence estimates, which
outperform the legacy estimates over all possible confidence
thresholds. This was shown to increase coverage of automated
invoices from 65.6% to 73.2% without increasing the error
rate.
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