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Abstract
Key Information Extraction (KIE) systems based on Deep Learning achieve strong token-level performance but offer no
formal guarantees on prediction reliability, limiting their adoption in business-critical document workflows. In this work, we
introduce a post hoc Uncertainty Quantification framework for KIE using Split Conformal Prediction (CP). After fine-tuning
multimodal transformer models on a challenging receipt dataset, we reserve a held-out calibration set to derive nonconformity
scores and construct entity-level prediction sets that satisfy a user-specified error rate. On unseen receipts, CP achieves tight
marginal coverage (98.3% for α = 0.02), with 70% of predictions being high-confidence singletons. A detailed analysis
shows that highly structured fields such as dates and prices yield small, singleton sets with near–perfect reliability, whereas
rare or semantically ambiguous fields such as tips or generic keywords produce larger sets and lower coverage. By exposing
positional biases and common label confusions that standard F1-scores and document-accuracy metrics overlook, CP reveals
critical risk areas for downstream automation. Finally, we demonstrate how calibrated prediction-set sizes can drive risk-aware
workflows by automatically processing high-confidence extractions and flagging uncertain cases for human review, thereby
enhancing the efficiency, trustworthiness and operational feasibility of real-world document-processing systems.

Keywords Key Information Extraction · Conformal Prediction · Uncertainty Quantification · Explainable Artificial
Intelligence · Deep Learning

1 Introduction

Key Information Extraction (KIE) is central to business
document processing, where large volumes and substantial
manual effort are involved in daily operations [12]. Recent
advances inDeep Learning (DL) have significantly improved
KIE performance across benchmarks [18]. However, these
models cannot guarantee full accuracy in real-world settings,
and common evaluation procedures often overestimate per-
formance, providing limited insight into practical reliability
[14]. This gap is critical, as extraction errors can have severe
downstream consequences [10]. For example, in unattended
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invoice processing, incorrect extraction of financial values
may directly result in costly overpayments.

To mitigate such risks, human validation remains nec-
essary in automated KIE workflows [7]. Yet, DL-based
KIE models are typically black-box systems, offering little
transparency into why predictions succeed or fail. Conse-
quently, practitioners struggle to determine which outputs
can be trusted. Although DL models are deployed in other
high-stakes domains such as medicine, reliability there is
achieved through extensive supervision, conservative deci-
sion rules and continuous monitoring rather than reliance
on raw model outputs alone. In high-throughput document
processing, exhaustive manual review is infeasible; instead,
validation must be selectively integrated through scalable,
risk-aware workflows.

Without reliable uncertainty estimates, organizations face
an undesirable trade-off: either manually inspect all predic-
tions or rely on uncalibrated model confidences that lack
statistical guarantees. In practice, many systems adopt static
confidence thresholds or heuristic rules (e.g., flagging predic-
tions below a fixed confidence level). While such approaches
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may improve average performance, they provide no formal
error guarantees, cannot distinguish inherently ambiguous
cases from systematic model failures, and may allow high-
risk errors to propagate downstream.

One promising solution is Conformal Prediction (CP),
a distribution-free, post hoc framework that augments any
black-box model with prediction sets offering rigorous cov-
erage guarantees under mild exchangeability assumptions.
Instead of a single point prediction, CP outputs a set of plau-
sible labels with a guaranteed probability of containing the
true value (e.g., ≥ 98%), while set size naturally reflects
uncertainty. In this work, we apply Split CP to state-of-the-
art multimodal transformer models for KIE, positioning CP
not merely as a confidence estimation layer but as a uni-
fied framework for uncertainty-aware document analysis.
We show that calibrated prediction sets reveal systematic,
layout-dependent failure modes that conventional metrics
fail to capture and directly support risk-aware automation by
separating confident predictions from cases requiring human
validation. Beyond post hoc verification, our approach lever-
ages CP as both a diagnostic tool for understanding KIE
model behavior and a practical mechanism for reliable large-
scale deployment.

We address the following research questions: How can
uncertainty in KIE approaches be effectively quantified?
(RQ1) How can this uncertainty be analyzed to generate
meaningful insights? (RQ2) In which aspects do state-of-
the-art KIE models exhibit uncertainty? (RQ3)What are the
implications of these insights for real-world document pro-
cessing applications? (RQ4)

The remainder of this paper is organized as follows. Sec-
tion 2 introduces the multimodal transformer–based KIE
architecture and the split CP framework. Section 3 describes
the use case, dataset and evaluation setup. Section 4 presents
point-prediction and CP-based results with detailed uncer-
tainty analysis. Section 5 discusses practical implications,
limitations and future work. We review related literature in
Sect. 6 and conclude in Sect. 7.

2 Methodology

Ourmethodological framework comprises two primary com-
ponents: Named Entity Recognition (NER), which is respon-
sible for KIE from business documents, and UQ, which is
aimed at providing reliable statistical guarantees for these
predictions. The process begins directly after the Optical
Character Recognition (OCR) pre-processing step, which
provides textual elements of the documents and their spatial
positions. A high-level overview of our methodology and its
key steps is provided in Fig. 1.

Fig. 1 Conceptual overview of the methodology

2.1 Named entity recognition

Automated KIE requires a model that can recognize every
semantically relevant entity on the document page while
remaining sensitive to its layout and visual appearance. OCR
transcribes the document image into an ordered list of tex-
tual elements (w1, . . . , wT ) together with bounding boxes
bt = (x0, y0, x1, y1)1. Each word wt is further decomposed
into subtokens (xt,1, . . . , xt,mt ), and re-indexing produces
the flattened sequence (x1, . . . , xT ′) with matching boxes
(b1, . . . , bT ′), where T ′ = ∑T

t=1mt . For multimodal KIE
models, anRGBcrop it ∈ R

c×h×h centered on bt is extracted
once per word and copied to all its subtokens (see Fig. 2).

The NER problem is generally framed as a sequence-
labeling task. Given the semantic fields to extract C, the tag
alphabet Y is defined as:

Y = {O} ∪ {I−c | c ∈ C},where |Y| = |C| + 1. (1)

A gold span of class c covering tokens [s, e] is mapped
to the tag sequence I −c, . . . , I −c and may include non-
contiguous tokens belonging to the same semantic entity.
For example, the monetary value “10,20 e” spans multiple
tokens but is annotated as a single entity such as Totalv . All
subtokens of a word inherit the I−c tag if the parent word is
entity c.

Each token xt is embedded as:

ht = Etext(xt ) ⊕ Epos(bt ) ⊕ Evis(it ), (2)

where Etext is a token embedding, Epos a learnable two-
dimensional positional map of the bounding box, and Evis

the projection of the image crop through a vision backbone.
The embeddings are processed as parallel streams inside a

1 The coordinates are normalized to the range [0, 1000] based on the
page width and height.
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Fig. 2 Technical workflow

multimodal transformerwhich fuses semantic, positional and
visual modalities.

For each token, the transformer produces the contextual
vector ht . A linear projection yields logits:

zt = Wht + c ∈ R
|Y |, (3)

(see Fig. 2) which are normalized via softmax to produce
token-level probabilities that can be used for KIE:

P(yt = k | xt ) = exp(zt,k)
∑

j∈Y exp(zt, j )
. (4)

2.2 Uncertainty quantification

Reliable KIE alone is insufficient for business workflows,
particularly in financial scenarios such as invoice processing,
where a single mislabeled token can have significant impli-
cations. Thus, every prediction must include a calibrated
measure of uncertainty. This is achieved post hoc by aug-
menting the trained transformer model with a Split CP layer
that converts a point prediction into a set of plausible labels,
providing rigorous statistical coverage guarantees on unseen
data assuming data exchangeability.

For CP, the data is partitioned into three mutually exclu-
sive subsets. The training subset is used to fit the NERmodel
parameters and is discarded afterwards. The calibration sub-
set is reserved for calibrating the conformal predictor. The
test subset is held out solely for evaluation purposes.

During calibration, for each semantic entity e, the model
provides logits ze corresponding to the predicted labels for
each subtoken. Considering the pivotal role of the first token
in determining semantic correctness, we define the non-
conformity score based exclusively on the logits of the first
token within each semantic entity. This choice reflects that
misclassification of the entity’s initial token substantially
impacts downstream correctness. We follow [6] and define
the non-conformity score for every entity e as the negative

logit assigned to the ground-truth label ye:

se = −ze,ye (5)

where higher values indicate lower confidence. The multi-
set S = {se | e ∈ C} constitutes an empirical sample of
model uncertainty. Given a specified entity-level error bud-
getα ∈ (0, 1), we select the (1−α)-quantile of this empirical
distribution as:

qα = inf {q ∈ R : |{s ∈ S : s ≤ q}| ≥ (1 − α)|S|} , (6)

ensuring that at most an α proportion of calibration scores
exceed qα .

During inference, the same threshold qα applies to each
new entity’s first token logits zt , forming the entity-level pre-
diction set (see Fig. 2):

Ct = {k ∈ Y : −zt,k ≤ qα}. (7)

Standard conformal theory guarantees the finite-sample
coverage property at the entity level:

Pr {yt ∈ Ct } ≥ 1 − α, (8)

where the probability is marginal over entities drawn exchan
geably from the production stream. Importantly, this guaran-
tee applies to the overall entity population without necessar-
ily ensuring coverage for individual subsets or entity types.

The size of the prediction set acts as a calibrated uncer-
tainty measure. Singleton sets reflect sufficiently high confi-
dence, enabling automatic processingwithout further review.
Entities assigned multiple-label sets clearly indicate ambi-
guity, prompting selective human intervention. Thus, the
methodology efficiently targets manual verification efforts
toward the most sensitive areas.

3 Experiment

3.1 Use case description

The aim of automatedKIE systems is to streamline document
processing workflows by identifying, extracting and struc-
turing relevant data fields - in this case, those from receipts.
The process begins with incoming documents, which may
arrive via various channels including email attachments, doc-
umentmanagement systems, or direct uploads to a processing
platform. These documents are first preprocessed, which typ-
ically involves OCR to make the content machine-readable.
Following pre-processing, the KIE system identifies and
extracts predefined key fields. Confidence scores are also
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assigned to each extracted field to reflect the system’s (un-
)certainty. After the automated extraction phase, a human
validation step is incorporated to ensure accuracy and relia-
bility. The extracted data is passed to a validation interface,
where a human reviewer is presented with both the origi-
nal document and the extracted fields. During this phase,
the operator reviews and verifies the extracted informa-
tion, verifies its correctness and corrects any misidentified
or incomplete fields. Once validation is complete, the final
extracted information is transferred into structured formats
(e.g., inERPsystem) for downstream tasks such as automated
accounting, compliance audits, customer relationship man-
agement or business analytics. In our scenario, the receipts
contain an average of 40 words. This would therefore require
a considerable effort to manually process every document.
Using a KIE solution, the operator’s workload is reduced to
the validation of the provided extracted values [19].

3.2 Dataset

For our experiments, we use WildReceipt proposed by [21],
which consists of 1,739 receipt images from restaurants
or shops, covers 25 fields to extract and is often used
in KIE related research. The labels are divided into two
groups, namely keywords and their corresponding values
(e.g., Prod_price_value and Prod_price_key). We removed
the labels Store_nm_key and Store_addr_key because they
only appear five times across all documents and never in the
test set. Affected segments were relabeled with the Others2

class accordingly. The dataset is annotated on segment-level
meaning that e.g., the store name is considered and labeled as
one element even if it covers multiple words (see Fig. 2). We
chose this dataset because of its challenging nature with high
layout diversity (1,192 different templates) and because the
images are photographs taken on mobile devices which are
therefore no high-quality scans. Another reason is the large
amount of fields to extract, which allows for a deeper anal-
ysis compared to related datasets such as SROIE [8], which
only covers four high-level fields [18].

We use the provided train/test split and additionally ran-
domly selected 100 receipts from the training set for CP
calibration and model validation. We end up with 1,167
images for training, 100 for validation/calibration and 472
for testing. Note that although we use 100 receipts for cali-
bration, the actual number of calibration points is the number
of tokens these 100 receipts contain - as this is the predic-
tion task performed by the NER model. More specifically,
our calibration set includes 4,074 tokens/calibration points
in total, which ensures proper coverage [1]. From a dataset
size standpoint, WildReceipt is sufficient for our purposes

2 Others represent words of a document that do not belong to any of
the fields of interest

because the approach builds on large-scale pre-trained doc-
ument backbones, significantly reducing data requirements
for the adaption to custom data (transfer learning).

3.3 Evaluationmetrics

The performance of the proposed pipeline is assessed from
two complementary viewpoints: (i) the accuracy of predicted
label for each sub-token (point metrics) and (ii) the reliability
of the calibrated prediction sets generated by Split CP (set
metrics).

Point Prediction Measures. For every field c ∈ C we accu-
mulate token-level counts of True Positives, False Positives
and FalseNegatives, denotedTPc, FPc and FNc, respectively.
The class-specific F1-score is defined by

F1,c = 2 TPc
2 TPc + FPc + FNc

. (9)

The macro average weights each label equally,

Fmacro
1 = 1

|C|
∑

c∈C
F1,c. (10)

To quantify end-to-end correctness on entire pageswe also
report the Document Accuracy Rate (DAR):

DAR = 1

|Dtest|
∑

d∈Dtest

1
[
FPd = 0 ∧ FNd = 0

]
, (11)

where FPd andFNd denote the numbers ofmis-tagged tokens
on document d and 1[·] is the indicator function.
Set Metrics. Let Ct ⊆ Y be the prediction set attached
to token t by Split CP with risk level α, and let yt be its
groundtruth tag. Following the formulation of [1], two statis-
tics jointly describe calibration and efficiency. Equation 12
estimates the marginal coverage achieved on the evaluation
corpus, whereas Equation 13 measures the average set size
and therefore the sharpness of the uncertainty estimate.

Ĉov = 1

T ′
T ′

∑

t=1

1
[
yt ∈ Ct

]
, (12)

|C | = 1

T ′
T ′

∑

t=1

|Ct |. (13)

3.4 Implementation details

We fine-tuned several pre-trained transformer-based models
on the NER task, specifically LayoutLM [22], LayoutLMv2
[23], LayoutLMv3 [23] and ERNIE-Layout [15], using the
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HuggingFace Transformers library as our implementation
framework. For each model, we selected the large model
variantswhenever available, as these typically offer improved
performance through increased model size. All models have
24 transformer layers, a hidden size of 1024 and 16 atten-
tion heads; mostly the treatment of visual input and the
pre-training objectives differ. The models were trained for
75 epochs with a batch size of 8. Hyperparameters such as
learning rate (5e-5) and weight decay (0) were kept to default
values provided by the HuggingFace Trainer class3. We also
use the default optimizer AdamW with a linear learning rate
scheduler and 0 warmup steps.

During training, the goal is to minimize the cross-entropy
loss between the token-level class probabilities and the
groundtruth labels, encouraging the model to leverage con-
textual and visual cues for predictions. Model training is
guided by Fmacro

1 , with validation steps performed after
each epoch. Upon completion of training, the model check-
point corresponding to the best validation performance was
selected for subsequent evaluation. Consequently, we did not
employ early stopping.

Following model training, we performed the calibration
step for CP according to the methodology explained in Sect.
2.2. We set α = 0.02 to obtain very confident guarantees.
Thismeans that during inference,we can guaranteewith 98%
certainty that the correct label is part of the prediction set.
Subsequently, the quantile threshold qα was obtained based
on the calculated nonconformity scores.

Finally, predictionswere generated on the test set. For each
first subtoken of the entities, a prediction set was constructed
according to the threshold. This ensures that each word in
the original document is associated with a distinct prediction
set.

4 Results

4.1 Point prediction evaluation

The NER evaluation results on the test set are presented in
Table 1. As can be seen, all models achieve relatively similar
results. Nevertheless, LayoutLMv2 achieves the best overall
performance with an Fmacro

1 of 0.9215. The improvements of
LayoutLMv3 compared to the previous iterations therefore
did not lead to improved results on this particular dataset. It
must be said, however, that this is only a snapshot of a single
training run. The original LayoutLM is the worst performing
model, indicating that the enhancements of LayoutLMv2 can
indeed lead to improved extraction results. ERNIE-Layout is
not able to achieve the best results in any of the fields, but
shows promising generalization performance across all fields

3 https://huggingface.co/docs/transformers/main_classes/trainer.

Table 1 Point prediction results on test set

Label1 LM LMv2 LMv3 ERNIE

Date_k 0.9375 0.9529 0.9468 0.9278

Date_v 0.9829 0.9852 0.9852 0.9800

Others 0.9140 0.9314 0.9380 0.9184

Prod_item_k 0.8857 0.9151 0.9154 0.8909

Prod_item_v 0.9470 0.9637 0.9719 0.9540

Prod_price_k 0.8558 0.8785 0.9126 0.8621

Prod_price_v 0.9598 0.9718 0.9804 0.9716

Prod_qty_k 0.9486 0.9371 0.9474 0.9474

Prod_qty_v 0.9723 0.9685 0.9785 0.9658

Store_adr_v 0.9102 0.9305 0.9267 0.9202

Store_nm_v 0.8668 0.8828 0.8925 0.8734

Subtotal_k 0.8768 0.9102 0.8784 0.8745

Subtotal_v 0.7956 0.9058 0.8820 0.8396

Tax_k 0.9012 0.9261 0.9459 0.9065

Tax_v 0.8737 0.9058 0.9262 0.8848

Tel_k 0.9577 0.9691 0.9792 0.9744

Tel_v 0.9260 0.9494 0.9554 0.9541

Time_k 0.8667 0.9091 0.8908 0.8850

Time_v 0.9638 0.9705 0.9597 0.9501

Tips_k 0.8182 0.8750 0.8125 0.8571

Tips_v 0.5116 0.7778 0.7500 0.6923

Total_k 0.8715 0.9064 0.8851 0.8742

Total_v 0.8333 0.8710 0.8682 0.8393

Fmacro
1 0.8859 0.9215 0.9186 0.9019

DAR 0.1543 0.2368 0.2516 0.1670

“*_k” denote keyword labels, “*_v” denote value labels

as it performs better on average than the original LayoutLM
with Fmacro

1 of 0.9019.
In general, the presented F1-scores would indicate a rel-

atively high confidence of the respective models. Without
further consideration, it could be assumed that, given a pre-
diction is correct in around 90 percent of the time, themodels
arewell suited for being integrated into automated real-world
workflows. However, considering the DAR reveals that there
are many incorrect extractions. In the best case, only around
25 percent of the test documents were classified without any
errors. This would mean a large manual overhead for vali-
dating extraction results. This discrepancy shows firstly that
token-levelmetrics are not a good indicator of real-world per-
formance, and secondly that the KIE approaches inherently
suffer from uncertainty. In the following, we further quantify
and analyze these observations.

4.2 Conformal prediction evaluation

For the sake of brevity, we take a closer look at the Lay-
outLMv2 model, as it produced the best point prediction
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results as discussedpreviously. Since all approaches achieved
relatively similar results, it can be assumed that the findings
are also reflected in the other models. All experiments in the
following are based on α = 0.02.

4.2.1 Prediction Set Analysis

Figure 3 visualizes the distribution of prediction set sizes
on the test set, while Table 2 reports the corresponding rel-
ative frequencies and marginal coverage. The histogram is
strongly skewed toward small prediction sets, with a clearly
dominant first bar at set size 1, followed by a rapidly decay-
ing long tail. This indicates that the vast majority of fields
can be processed automatically with a single predicted label,
while larger sets occur only infrequently. Concretely, 70%
of all instances have a prediction set of size 1, meaning the
modelmakes an unambiguous prediction. An additional 24%
of instances have a set size of 2 which means that in total,
in 94% of the cases at most two candidates need to be con-
sidered. In contrast, prediction sets of size five or six are
extremely rare and correspond to cases where the model is
highly uncertain. The average prediction set width is 1.38,
which is low and reflects the overall confidence of the KIE
model. Importantly, the marginal coverage remains high for
the most frequent set sizes, reaching 98.3% for set sizes 1
and 2. While intermediate set sizes (three and four) exhibit
slightly lowermarginal coverage, the largest sets achieve per-
fect coverage (100%), indicating that the conformal predictor
behaves conservatively by expanding the prediction set when
uncertainty is high. From an operational perspective, this
distribution highlights that most instances can be handled
automatically with minimal ambiguity, while the small frac-
tion of uncertain cases is explicitly flagged through larger
prediction sets. The rapid decay visible in the histogram
demonstrates that the “cost” of uncertainty is limited and
manageable, providing a practical mechanism for selective
review without sacrificing coverage guarantees.

We further analyzed the prediction sets containing mul-
tiple elements to identify which labels frequently co-occur
and whether recognizable patterns emerge. One observa-
tion is that the model confuses different monetary values.
For example, in the prediction sets of words belonging to
Prod_price_v, the labels Subtotal_v and Total_v also fre-
quently appear. This suggests that the model is not always
confident in differentiating between the individual mone-
tary values. Interestingly, the labels for the keywords and
the actual values of a corresponding field also often appear
in the same prediction set. This is more prevalent for some
fields than for others. For example, the two labels Time_v
and Time_k often appear in the same prediction set. Since
keywords and actual values usually represent very differ-
ent words in terms of their semantics, one explanation for
these confusions is their close proximity on the receipts.

Fig. 3 Histogram of set sizes

Table 2 Statistics of set sizes

Set size Relative frequency Marginal coverage

1 70.00% 98.30%

2 23.53% 98.30%

3 5.26% 97.29%

4 1.07% 97.44%

5 0.11% 100%

6 0.03% 100%

Therefore, the model focuses more on the position of the
words than on their corresponding text. At the same time, this
further explains the confusion regarding different monetary
values, as they often appear close to each other and are there-
fore often falsely included in the prediction set of another
monetary value. Prediction sets of words belonging to the
Others class show the highest heterogeneity, i.e., contain the
most amount of different co-occurring labels. Corresponding
prediction sets frequently contain Prod_item_v, Total_v and
Prod_price_v.

4.2.2 Label-based Analysis

Table 3 shows findings regarding the labels in terms of aver-
age set size and marginal coverage. In general, the average
set sizes range from 1.13 to 2.24. The model is most confi-
dent for the fieldProd_price_v and least confident for Tips_v.
To assesswhether prediction sets reliably indicate high confi-
dence, we analyze theirmarginal coverage. Among all tokens
with singleton prediction sets, the true label is present in
98.30% of cases. This confirms that when themodel is highly
confident - as expressed by assigning only a single label - it
is also typically correct. This strong alignment between set
size and correctness suggests that the prediction set size is
a meaningful proxy for uncertainty and could be used as a
confidence signal in downstream decision-making systems.
Besides, in most of the cases, the marginal coverage is at
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Table 3 Statistics of labels

Label1 Average set size Marginal coverage

Prod_price_v 1.13 99.51%

Date_v 1.16 98.41%

Prod_item_v 1.17 99.28%

Tel_v 1.19 99.33%

Date_k 1.21 98.96%

Tel_k 1.24 99.31%

Prod_qty_k 1.25 97.73%

Prod_item_k 1.28 96.19%

Store_adr_v 1.29 98.57%

Prod_price_k 1.31 92.59%

O 1.38 98.09%

Subtotal_k 1.44 95.09%

Store_nm_v 1.45 96.28%

Tax_k 1.47 96.94%

Time_v 1.49 97.83%

Total_v 1.51 98.43%

Subtotal_v 1.54 94.01%

Tips_k 1.59 90.62%

Tax_v 1.68 97.8%

Time_k 1.69 96.72%

Prod_qty_v 1.72 99.47%

Total_k 2.07 95.67%

Tips_v 2.24 93.1%

“*_k” denote keyword labels, “*_v” denote value labels

least 98%, which indicates high model confidence and accu-
racy across the majority of labels. Note that the choice of
α = 0.02 only guarantees an overall marginal coverage of
at least 98% and not for each individual label. Therefore,
some labels like Tips_v show lower individual marginal cov-
erages. Labels such as Prod_price_v, Prod_item_v and Tel_v
perform particularly well, with very small set sizes (around
1.1–1.2) and coverage>99%. Conversely, a few labels, espe-
cially Tips_v, Tips_k, Prod_price_k, and Subtotal_v, show
larger average set sizes and at the same time relatively low
marginal coverage (around 90–94%), suggesting these are
more challenging for theKIEmodel. Labels with a structured
format like prices, dates, phone numbers and quantities tend
to perform best. They have clear patterns, low ambiguity and
strong contextual cues. Keywords, on the other hand, tend
to be more challenging due to their generic wording, shorter
length and semantic overlap (e.g., “Total”, “Amount”), which
can increase model uncertainty.

Figure 4 illustrates the relationship between the average
prediction set size and marginal coverage for each label. The
figure exhibits a clear clustering behavior: a dense group
of labels appears in the top-left region, characterized by
small prediction sets and highmarginal coverage. This region

Fig. 4 Relationship between average set size and marginal coverage

corresponds to “safe” fields for which the model is both
confident and statistically reliable. These safe fields are pre-
dominantly well-structured entities, such as Prod_price_v,
which achieves the most favorable trade-off between the two
metrics. Its position confirms that structured monetary fields
can be extracted with high confidence and minimal ambigu-
ity, making them well-suited for fully automated processing.
In contrast, a small number of labels appear as outliers in
the bottom-right region of the plot, where prediction sets are
larger and marginal coverage is lower. Notably, the unstruc-
tured fields Tips_v and Tips_k fall into this category. Their
position indicates that the model is frequently uncertain
while simultaneously failing to provide strong coverage guar-
antees, marking these fields as “risky” from an extraction
perspective.One plausible explanation for this behavior is the
relatively rare and inconsistent occurrence of tips on receipts,
which limits the amount of representative training data. As a
result, themodel struggles to distinguish tip-relatedmonetary
amounts from other prices and/or often assigns them to the
Others class. Overall, the clustering visually confirms that
model reliability is field-dependent. Importantly, this visual-
ization provides a practical guideline for deployment: labels
in the top-left cluster can be processed automatically with
high confidence, whereas outliers in the bottom-right region
are potential candidates for targeted human review.

4.2.3 Document-level Analysis

Figure 5 shows a boxplot of the average prediction set size
per document. The distribution is tightly centered around
1.38 with a narrow interquartile range, confirming consis-
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Fig. 5 Average set size per document

tent model behavior across the dataset. Most documents are
processed with uniformly small prediction sets. A small
number of outliers (average set size > 2.2) reveal doc-
uments for which the model is globally more uncertain.
A further inspection shows that these correspond to docu-
ments with low-quality scans, rare layouts and/or receipts
containing handwritten notes overlapping printed text. In
such cases, OCR errors and ambiguous transcriptions lead
to larger prediction sets across the document. These outliers
reflect document-level issues rather than isolated word-level
errors and therefore indicate cases requiring human review.
Despite this, the average coverage per document remains
high at 98.14% (standard deviation 0.03). While 41.44% of
documents contain at least one word-level error, the system
maintains strong statistical guarantees overall while enabling
reliable detection of atypical documents.

Figure 6 illustrates how CP reveals limitations of DL–bas
ed KIE models in realistic document layouts. The figure
shows an exemplary receipt with bounding boxes annotated
by CP sets. Well-structured fields such as the telephone
number and date-time entries yield small and/or single-
ton prediction sets, indicating high confidence. In contrast,
layout-ambiguous regions such as the address block pro-
duce larger sets containing multiple plausible labels. The
behavior differs across document regions. In the itemized
section, product descriptions are assigned mostly small pre-
diction sets, indicating high confidence. Similarly, product
prices consistently include Prod_price_v within prediction
sets of size at most two, reflecting reliable extraction. This
confidence is likely due to the highly regular receipt lay-
out,where prices typically appear right-aligned andvertically
stacked, providing strong spatial cues. In contrast, the sum-
mary region at the bottom of the receipt exhibits substantially

Fig. 6 Receipt with annotated prediction sets

larger and more ambiguous prediction sets, highlighting
the model’s difficulty in distinguishing semantically related
aggregate fields that share similar patterns. Overall, the visu-
alization demonstrates how CP provides an interpretable,
document-level analysis of model behavior, highlighting
layout-dependent uncertainty patterns that are not captured
by aggregate accuracy metrics.

4.3 Ablation study

In the following, we analyze what impact different choices
for α have on the resulting prediction sets. To this end, Fig. 7
shows the histograms of set sizes for three different values of
α. The histogram for α=0.02 is therefore the one from Fig. 3.
As can be seen, and as expected, the distribution of set sizes
shifts increasingly to the right as the value of α decreases.
When very high statistical guarantees such as 99.5% cov-
erage are required, the KIE model produces prediction sets

123



Beyond accuracy: understanding model confidence...

Fig. 7 Impact of alpha values on set sizes

containing mostly between 9 and 16 predicted labels. At the
same time, the single-set ratio in this case is 0%, i.e., there
was no entity where the model was confident enough to pro-
duce a prediction set containing a single label. In the case
of α=0.005, the average width of the prediction set is 12.12,
which is significantly higher than the reported average of
1.38 regarding α=0.02. Nonetheless, with respect to the field
Prod_qty_v, the model produces relatively small prediction
sets in this scenario with an average set size of 6.35. In the
case of α=0.02, however, this specific field was one of those
with the highest average set sizes. This suggests that there
are no clear correlations between the results for the individ-
ual fields across different α values. There are also differences
regarding the marginal coverage achieved for each set size.
In general, the behavior for α=0.005 is relatively consistent.
In the other two cases, however, there are some outliers. For
example, with α=0.01, in rare cases where the prediction
set contains nine elements, the marginal coverage drops to
87.5%. Therefore, the model is not only uncertain, but it is
also unable to detect the correct label.

When choosing α, a trade-off must be made between
statistical guarantees and the resulting overhead from large
prediction sets. While a very high guarantee of 99.5% might
be desirable in real-world settings where overlooked falsely
extracted values can result in severe follow-up costs, manag-
ing such large prediction sets becomes increasingly complex.
Conversely, onemight prioritize a high single-set ratio,which
however usually comes at the expense of lower statistical
guarantees. Based on the findings, α=0.01 provides a reason-
able balance between those two factors while still achieving
a single-set ratio of 8.36%.

5 Discussion

5.1 General

An inspection of prediction patterns reveals that KIE mod-
els sometimes rely more heavily on spatial layout than
on textual or visual content. For example, Time_k and
Time_v often co-occur in prediction sets, suggesting that
the model defaults to selecting nearby tokens regardless of
their semantic differences. Likewise, monetary fields like
Prod_price_v, Subtotal_v and Total_v are frequently con-
fused, likely because these values appear in similar table
positions on receipts.

The average width of prediction sets for values and key-
words are nearly identical: 1.464 for the former and 1.455
for the latter. This indicates that the model’s raw uncertainty
is not substantially different between the two types. How-
ever, marginal coverage shows slight discrepancies: labels
for values achieve an average coverage of about 97.67%,
whereas keywords only reach about 95.98%. This sug-
gests that, despite similar set sizes, the model more reliably
includes the correct labelwhen predicting structured numeric
or formatted entities as is the case for the receipts. Key-
words, whose wording, font styles and spatial placement
vary, are therefore more prone to occasional coverage fail-
ures. Examining co-occurrences shows that Others often
appear alongside product itemvalues and total values, reflect-
ing the fact that miscellaneous text (e.g., restaurant names,
store location info) appears adjacent to structured fields. The
model is relatively ”safer” when classifying strictly format-
ted entities, whereas free-form text tokens fall into Others,
resulting in broader uncertainty but decent coverage nonethe-
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less. The discrepancy between point prediction results and
CP results highlights that high average F1 scores exagger-
ate end-to-end reliability, as localized errors can still disrupt
entire document extractions. CP thus exposes unseen risks by
quantifying uncertainty at the token level, revealing that real-
worldKIEpipelines should incorporateCP-based confidence
filtering or human verification to mitigate these blind spots.
Together, these analyses underscore that, despite achieving
strong token-level performance, advanced KIE systems still
show keyword ambiguity and coverage gaps that standard
metrics fail to capture.

Real-time feasibility. The proposed framework is imple-
mented as a lightweight post-hoc wrapper around the
underlying KIE model and therefore introduces negligible
additional computational overhead. The calibration step is
carried out entirely offline on a held-out dataset and does
not involve any additional training or model optimization.
It consists solely of running forward passes on the calibra-
tion data to compute nonconformity scores and extracting
the corresponding quantile thresholds. At deployment time,
inference requires only a single standard forward pass of the
basemodel, followedby simple threshold comparisons on the
output logits to construct prediction sets.No additionalmodel
evaluations, sampling procedures or gradient-based compu-
tations are required. As a result, the dominant computational
cost in both calibration and real-time settings remains theKIE
backbone itself, making the proposed approach feasible even
for resource-constrained workflows. In such cases, the same
CP methodology could be applied to more lightweight back-
bone models, enabling a flexible trade-off between model
capacity and computational efficiencywithout modifying the
CP framework.

5.2 Implications for real-world applications

Although average token-level coverage is high, indicating
that CP provides strong statistical guarantees, this does not
imply complete document-level correctness. As shown ear-
lier, 41.44% of documents contain at least one token whose
true label is not included in the prediction set. This highlights
a fundamental challenge in KIE: strong average token-level
performance can still translate into frequent partial failures
at the document level. In practice, this means that even well-
calibrated models may require substantial manual review
when full field-level correctness is required. In document
processing tasks such as invoice or receipt analysis, a single
mislabeled token can lead to erroneous extractions, partic-
ularly for critical fields such as totals, dates, or identifiers.
These findings emphasize the need to complement CP with
field-level and document-level aggregation strategies that
better align with operational requirements.

More broadly, CP enables hybrid processing pipelines
in which uncertainty directly drives downstream decision-
making rather than serving solely as a post hoc signal.
Extracted entities often trigger business actions, such as ini-
tiating payments or matching transactions. By outputting
prediction sets instead of single labels, CP allows conditional
handling based on uncertainty. For example, singleton pre-
diction sets with high marginal coverage can be processed
automatically, while larger sets can be routed for human
review.

Depending on organizational risk tolerance, such work-
flows may include:

• Automatically processingfieldswith singleton prediction
sets.

• Routing multi-label prediction sets to human-in-the-loop
validation.

• Prioritizing documents based on the number of uncertain
fields.

• Selecting fields for manual review based on uncertainty
thresholds, informed by the relationship between set size
and marginal coverage (Sect. 4.2.2).

This approach enables risk-aware automation, where
CP’s statistical guarantees are directly leveraged to balance
reliability and resource allocation in large-scale document
processing pipelines.

A further aspect to consider is that standard CP assumes
exchangeability of data, which can be violated in real-
world document pipelines where layouts evolve. While
this assumption holds for our study due to usage of the
WildReceipt dataset, production deployments may require
mechanisms to maintain validity under distribution shift. In
practice, this can be addressed through periodic recalibration
using recent data [5] or so called Adaptive Conformal Infer-
ence that dynamically adjusts the risk level alpha, ensuring
coverage remains stable as the document distribution changes
[4].

5.3 Explainability and uncertainty

The proposed framework operates on the outputs of DLmod-
els and therefore inherits their limitations. We argue that this
dependence is not a restriction, but rather a strength of CP.
The proposed method treats the underlying KIE system as
a black box and does not rely on architectural assumptions,
internal representations or training procedures. As a result,
the validity guarantees of CP are model-agnostic and hold
for any underlying predictor, independent of whether the
backbone is LayoutLM, ERNIE or another KIE model. It is
also important to distinguish the scope of CP from Explain-
able AI (XAI) methods. XAI techniques aim to answer the
question ofwhy a model produced a specific prediction, typi-
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cally through feature attribution.While such explanations are
valuable for interpretability, they do not provide statistical
guarantees about the correctness of individual predictions. A
prediction can be fully explainable yet confidently incorrect.
In contrast, CP addresses a fundamentally different ques-
tion: whether a given prediction can be trusted. By producing
prediction sets with guaranteed marginal coverage, CP pro-
vides a formal, distribution-free notion of reliability that is
not available through standard XAI methods. From an oper-
ational perspective, this distinction is critical. In automated
document processing pipelines, downstream systems often
require binary and/or risk-aware decisions rather than post-
hoc explanations. For example, it must be decided whether
to automatically process the extracted invoice total value
or route it for manual verification. CP enables such critical
decisions by transforming point predictions into calibrated
uncertainty-aware outputs, allowing systems to condition
actions on explicit confidence guarantees. This capability is
complementary to explainability: CP governs when to trust
a model, while XAI explains why a model behaved as it did.

5.4 Limitations

The findings are subject to certain limitations. Firstly, the
dataset is annotated on segment-level as mentioned in Sect.
3.2. In this regard, it might be worthwhile investigating more
fine-granular datasets in order to see if different observa-
tions could be made. Secondly, all fields to be extracted were
treated equally during the experiments. In real-world settings,
however, fields may be prioritized. For example, it might be
less problematic if the keyword of the telephone number was
incorrectly extracted compared to the receipt total amount.
Thirdly, the chosen CPmethod assumes exchangeability, and
while marginal coverage is guaranteed, no additional cali-
bration across individual labels was performed. This means
that certain fields may be consistently over- or under-covered
without adjustment. Statistical guarantees for every single
label can be obtained by Class-Conditional CP methods [1],
however we used the Split CP setup. Also, while our CP
methodology remains theoretically valid, the selected cali-
bration data can make the estimated thresholds noisy for rare
labels. The coverage for corresponding entitiesmayfluctuate,
highlight the challenge of robust calibration under resource-
constrained conditions. Last, but not least, we only analyzed
sequence-based approaches such as LayoutLM. To obtain a
more generalizable view of the uncertainty of KIE methods,
experiments should be conducted on other methods, such as
graph-based KIE systems.

5.5 Future work

A document processing workflow typically concludes with
the extracted values being fed into downstream systems,

such as ERP. Therefore, a post-processing step is neces-
sary to convert the predicted labels into extracted text. This
involves, among others, a selection of textual information
for each relevant field. Based on KIE model predictions,
multiple candidates may exist for a given label. To extend
our approach, we plan to integrate a candidate selection
procedure, for example by using Mixed-Integer Linear Pro-
gramming (MILP), to select final extracted values from
the obtained prediction sets. This enables a structured and
comprehensible decision-making process for the extraction
candidates.

SinceLLM-basedKIEmethods have become increasingly
popular in recent times, it seemsworthwhile to investigateCP
methods in conjunction with LLMs for KIE tasks. In particu-
lar since applications of LLMs suffer fromhallucinations and
intransparent model decisions, measuring the uncertainty for
LLMs represents a key challenge moving forward. Possible
CP methods are proposed by [17].

Another aspect of future work is integrating the CP meth-
ods into a validation tool for real-world workflows. To this
end, color-coded or otherwise highlighted words based on
the KIE model’s uncertainty given a user-defined α value,
can be integrated (similar to Fig. 6). This allows human val-
idators to focus their attention on uncertain predictions and
could significantly improve the efficiency of the validation
process.

Future work could also be done on how insights from
our analyses can be transferred into future KIE research.
As the findings show, corresponding models show different
behavior with respect to different types of fields to extract.
The results also suggest that textual and positional modal-
ities play different roles in the predictions in some cases.
A more in-depth analysis on how this can be used to opti-
mize technical aspects of KIE systems can be worthwhile.
This could include, for example, the attention mechanisms
in transformermodels, or the way how different input modal-
ities are fused and provided to the model.

6 Related work

KIE methods fall into three main categories based on doc-
ument representation. Graph-based approaches model the
elements (e.g., words, characters) as nodes with flexible edge
definitions [11, 16]. Grid-based methods overlay structured
grids (e.g., at character level) using rectilinear links, with val-
ues derived from overlapping content [2, 9]. Sequence-based
techniques linearize documents while preserving layout and
visual cues, processed via sequence labeling [15, 20, 22].

In general, KIE literature pays little attention to the uncer-
tainty of model predictions. The closest related work is
proposed by [10], more specifically a method to obtain con-
fidence scores for KIE where invoices with low scores are
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forwarded for manual review. The system uses multiple Con-
volutional Neural Networks which act as feature extractors,
followed by a binary classifier to predict whether the KIE
system could extract all fields correctly or not. A limitation
of the approach is that it requires separate training for the
models and the confidence scorer.

Besides, work exists on applying CP methods to differ-
ent sequence-based transformer models [3, 6, 13]. However,
the authors apply these techniques to different tasks such as
paraphrase detection or sentiment analysis. As mentioned,
KIE has not yet been considered as an application scenario.

7 Conclusion

In this paper, we studied the application of CP to KIE as
a principled approach to UQ and model analysis. While
state-of-the-art KIE models achieve strong token-level per-
formance, our results demonstrate a substantial gap between
conventional evaluation metrics and real-world reliability.
Through the analysis of prediction set sizes, label-wise cov-
erage and document-level uncertainty, we showed that CP
provides statistically rigorous confidence guarantees while
simultaneously exposing structural weaknesses in KIE mod-
els. These include confusion between semantically similar
labels, sensitivity to spatial layout and reduced reliability
for rare or ambiguous fields. Such insights are essential for
developing KIE systems that are not only accurate but also
trustworthy in operational business workflows. Finally, we
discussed the practical implications of CP for deployment.
High token-level coverage alone does not remove the need for
humanvalidation. Instead,CP enables risk-aware automation
strategies by guiding selective human-in-the-loop review and
prioritization based on aggregated uncertainty signals. This
facilitates more robust document processing pipelines that
balance automation efficiency with accuracy and trust.
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