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Abstract
Language models are increasingly used as core components of web services, providing functionality ranging from
classification and information extraction to text completion and long-form generation. In these systems, the model’s
behavior directly impacts service quality and reliability, making task-specific evaluation essential. However, designing
effective evaluation strategies is non-trivial: discriminative and generative models require different approaches, and no
single metric works well across all tasks, domains, or deployment scenarios. This paper provides a practical overview of
evaluation methods for language model-based services, covering both discriminative and generative models and high-
lighting the strengths and limitations of each approach. For discriminative tasks, we summarize commonly used label-
based metrics, including accuracy, precision, recall, and F1. For generative tasks, we describe evaluation approaches
that restrict outputs (closed-ended questions and exact match), reference-based metrics (BLEU, ROUGE), semantic sim-
ilarity metrics (BERTScore), and model-based evaluation using LLM-as-a-Judge. We demonstrate the applications of
these evaluation methods through case studies from the CAISE platform, a cloud initiative that supports Polish SMEs
in developing intelligent services. The presented examples span both general-language and domain-specific evaluation
and use multiple complementary metrics. Overall, the paper provides a practical guideline for designing evaluation
pipelines for language-model-based services in real-world settings.
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1. Introduction
Recent advancements in natural language process-

ing, particularly in language modeling, have led to a rapid
expansion of web services whose core business logic relies
on language models. These services support a wide range
of functionality—from text classification and entity recog-
nition, through simple sentence completion, towhole doc-
ument generation based on minimal user input [1]. In
such systems, the language model is a central component
that directly affects the quality, reliability, and usefulness
of the service.

Consequently, proper evaluation of a languagemodel
used in such services is crucial. Since the model directly
implements the business logic of a web application, its
evaluation should align with the intended use case rather
than rely solely on generic benchmarks. Different appli-
cations require different evaluation strategies, and no sin-
gle evaluation method is universally sufficient. The eval-
uation process must therefore be tailored to the specific
task, domain, and constraints of the application in which
the model is used [2].

However, establishing an effective evaluation
methodology is non-trivial, and different language
model architectures require different approaches. We
can distinguish two main types of language models:
discriminative, which are trained to assign labels or
categories to input data (e.g., for tasks such as classi-
fication or sequence labeling), and generative, which
are designed to produce free-form text outputs given a
prompt or context. For discriminative models, commonly
used metrics include accuracy, precision, recall, and F1
score, evaluated with respect to ground-truth labels.
For generative models, the most widely used metrics
compare generated outputs to reference answers, either
through word-overlap measures or by using external
models. Understanding the strengths, limitations, and
potential use cases of each metric is critical for designing
an evaluation suitable for a given language model-based
application.

In this work, we present and discuss evaluation
methods used to assess language model-based services
deployed on the CAISE platform. The CAISE project
aims to deliver a cloud platform that enables Polish small
and medium-sized enterprises to develop intelligent
applications effectively. Part of the platform consists of
services built on language models, providing functional-
ity such as text classification, named entity recognition,
text summarization and completion, note generation, and
related tasks. To evaluate these services, we employed
a wide range of evaluation metrics tailored to different
model types, tasks, and domains. We describe the metrics
and evaluation procedures used in practice and discuss

their applicability and limitations. As such, this work can
serve as a practical guideline for designing evaluation
methodologies for language model-based services.

In summary, the contributions of this work are as fol-
lows:

▶ Wepresent an overview of evaluationmethods for lan-
guage model-based services, covering both discrimi-
native and generative models.

▶ We discuss the strengths and limitations of commonly
used evaluation methods and demonstrate their
practical application on real services deployed on the
CAISE platform.

▶ These examples can serve as a practical reference
for designing evaluation methodologies for language
model-based applications.

The remainder of the paper is organized as follows.
Section 2 reviews related work. Sections 3 and 4 describe
evaluation methods for discriminative and generative lan-
guage models, respectively. Finally, Section 5 concludes
the paper.

2. Related Works
Evaluation of language models is a rapidly evolving

area of research, driven by the continuous advancements
in model capabilities. Numerous benchmarks have been
developed to assess different aspects of natural language
processing, typically focusing on two main areas: natural
language understanding (NLU)—which tests how well a
model can interpret input sequences and extract meaning
or make decisions based on them—and natural language
generation (NLG)—which evaluates how well a model can
produce coherent and relevant responses [3]. Discrimina-
tive models are typically assessed on NLU tasks, whereas
generative models are evaluated on both NLU and NLG
tasks due to their broader capabilities.

In both areas, the most common approach to evalu-
ation is through benchmarks. These typically consist of
datasets paired with standardized evaluation procedures
and define tasks that allow for consistent, replicable
assessment of model performance. Benchmarks such as
GLUE [4] offer a suite of NLU tasks—including sentiment
analysis, textual entailment, and question answering—
designed to test how well a model understands language
and generalizes across different types of problems. As
language models have advanced, research has shifted
toward more challenging and comprehensive bench-
marks. For instance, the Massive Multitask Language
Understanding (MMLU) benchmark [5] evaluates both
a model’s knowledge and its problem-solving ability
across 57 subjects, ranging from elementary mathemat-
ics and high school biology to international law and
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abstract algebra. The Holistic Evaluation of Language
Models (HELM) [6] further extends evaluation beyond
simple response accuracy by evaluating models across
42 real-world scenarios using six additional metrics that
capture calibration, robustness, fairness, bias, toxicity,
and efficiency. Alternative approaches to evaluation have
also emerged, often based on crowd-sourcing, such as the
Chatbot Arena [7], which collects human preferences in
head-to-head model comparisons.

In addition to general language understanding
benchmarks, many evaluation efforts focus on domain-
specific assessment. While general-purpose language
models provide broad capabilities, adapting a model to
a specific domain often yields substantial performance
gains [8]. However, such specialization requires dedi-
cated evaluation methods that account for the nuances
and challenges of the target domain. One of the most
thoroughly studied areas is the biomedical field, where
researchers have developed domain-specific models
such as BioBERT [9] and specialized benchmarks. A
notable example is the BLUE benchmark [10], which
includes a set of biomedical and clinical tasks designed
to assess language understanding in this domain. Similar
domain-specific evaluations have also been carried out in
fields such as law [11] and finance [12].

Alongside benchmarks designed for academic
comparison, several efforts have explored evaluation
frameworks targeting real-world applications. For
instance, SWE-bench [13] evaluates language models’
software engineering capabilities using real-world prob-
lems collected from popular GitHub repositories. This
grounds the benchmark in actual project codebases and
real issues reported and resolved by programmers. In
contrast, CheckList [14] introduces a behavioral testing
framework for language models. It helps users design
tests based on a matrix of linguistic capabilities and test
types that evaluate how models behave under different
conditions—such as when changing the input that should
either keep the original label or lead to a specific change.
This method has been shown to reveal bugs and support
improvements in real-world language model-based
systems, such as content moderation tools and sentiment
analysis models [15].

In this work, we focus on describing commonly used
evaluation metrics for language models. For each method,
we demonstrate its application in practice using exam-
ples from the evaluation of real services deployed on the
CAISE platform.

3. Evaluation Methods for Discrim-
inative Language Models
In machine learning, discriminative models are de-

signed to map input data to corresponding outputs. The
two most common tasks addressed by these models are
regression and classification. In regression, the objective
is to predict a numerical value for a given input instance,
whereas in classification, each input instance is assigned
to one or more predefined classes. Classification tasks can
take several forms. The simplest case is binary classifica-
tion, where the goal is to determine whether a sample be-
longs to a particular class. Another common scenario is
multi-class classification, in which each instance must be
assigned to one of three or more possible classes. In some
applications, an input instance may be associated with
multiple classes simultaneously; this is known as multi-
label classification.

There are many important tasks in NLP that can be
formulated as classification problems, which makes dis-
criminative language models a crucial component of the
language processing toolchain. In the context of NLP, it
is common to distinguish between two types of classifi-
cation: text-level and token-level. In text classification, a
single class is assigned to the entire input instance, which
may correspond to a sentence, paragraph, or an entire
document. In contrast, token-level classification involves
assigning a separate class to each token in the input se-
quence, where a token typically corresponds to a word.

Popular examples of text-level classification include:

▶ Sentiment analysis – the model determines whether
the given opinion is positive or negative.

▶ Text categorization – the input text is assigned to one
of a set of predefined categories.

Common token-level classification tasks include:

▶ Part-of-Speech (POS) tagging – the goal is to assign
the appropriate grammatical category to each word in
a sentence (e.g., noun, verb, adjective).

▶ Named Entity Recognition (NER) – the task is to iden-
tify and classify named entities (such as persons, or-
ganizations, or locations) in the text.

Regardless of the specific task definition, the central
challenge for all discriminative models is their evaluation.
Model evaluation is typically performed by comparing
the model’s predictions with a so-called gold standard.
A gold standard consists of example inputs paired with
their correct outputs, often referred to as ground truth,
which are determined by human annotators. During
evaluation, the model is run on the examples from the
gold standard, and its predictions are compared with the
expected outputs. Since manual inspection of each ex-
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ample is time-consuming, model performance is usually
summarized using quantitative metrics.

Metrics are calculated based on the model’s predic-
tions and the gold standard. Their primary purpose is to
capture the overall quality of the model. However, inter-
preting these values and selecting appropriate metrics for
a specific problem setup is not straightforward.

A set of widely used metrics in classification tasks
is defined based on the so-called confusion matrix. In
the simplest case of binary classification, where the task
is to determine whether an example belongs to a given
category, the confusion matrix consists of two rows and
two columns. By comparing the model’s predictions
with the gold standard, four possible outcomes can be
distinguished:

1. True Positive (TP) – the model predicts that the ex-
ample belongs to the given category, and this is con-
sistent with the gold standard.

2. False Negative (FN) – the model predicts that the
example does not belong to the given category, but
according to the gold standard, it does.

3. False Positive (FP) – the model predicts that the ex-
ample belongs to the given category, but the gold
standard indicates it does not.

4. True Negative (TN) – the model predicts that the
example does not belong to the given category, and
this is consistent with the gold standard.

To construct the confusion matrix, all test examples
are considered, and the numbers of TP, TN, FP, and FN
are counted and placed in the appropriate cells. A typi-
cal structure of a binary confusion matrix is presented in
Table 1.

Table 1: Confusion matrix for binary classification

Predicted
Actual Positive (PP) Negative (PN)
Positive (P) True Positive (TP) False Negative (FN)
Negative (N) A False Positive (FP) True Negative (TN)

The concept of the confusion matrix can be extended
to multi-class classification. In this case, the number of
rows and columns corresponds to the total number of
classes predicted by the model. The rows represent the
actual classes, while the columns represent the predicted
classes. The entry in the i-th row and j-th column
indicates the number of samples that belong to class i but
were predicted by the model as class j.

In multi-class classification, separate T P, T N, FP,
and FN values are defined for each class, as they cannot
be represented directly in a single table as in binary clas-
sification:

1. T Pclass – the number of examples of the given class
correctly predicted as that class.

2. FNclass – the number of examples of the given class

predicted as another class.
3. FPclass – the number of examples not belonging to

the given class but predicted as that class.
4. T Nclass – the number of examples not belonging to

the given class and predicted as other classes.

3.1. Text Classification Evaluation
In text classification, a text passage is provided as

input, and the model returns the class to which it belongs.
To evaluate the performance of such models, a gold
standard is required, containing text passages paired with
their correct classes. The most commonly used metric
for assessing the quality of text classification models
is accuracy. Accuracy is defined as the ratio of correct
predictions to the total number of predictions:

Accuracy= Correct predictions
All predictions (1)

For binary classification, accuracy can also be
expressed in terms of the confusion matrix:

Accuracy= T P+T N
T P+FN +FP+T N

(2)

In practice, the first definition is often more conve-
nient, as it is independent of the confusion matrix repre-
sentation.

3.1.1 Evaluation of Text Classification on the CAISE Platform
One of the services available on the CAISE platform

is the Text Classification Service, which provides an API
for few-shot classification of textual documents [16]. In
few-shot classification, the model is presented with only
a few training examples per class. To evaluate the service
reliably, we selected several datasets from both general
and domain-specific sources, which were as follows:

1. sms_spam – a collection of 5,574 English SMS
messages labeled as spam or non-spam (ham).

2. imdb – 50,000 English-language movie reviews la-
beled as positive or negative.

3. ag_news – 200,000 English-language news articles
labeled by category: World, Sports, Business,
Sci/Tech.

4. open-coursebooks-pl – 1,500 text passages from
Polish-language students’ coursebooks, labeled by
subject: Chemia, Fizyka, Fotowoltaika, Geologia
i Geodezja, Informatyka, Matematyka, Nauki
społeczne.
The selected datasets were adapted for evaluation in

a few-shot setup. For each dataset, three test suites were
created. Each test suite contained training data with 10
samples per class and test data with 5 samples per class.
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Table 2: Text classification test results for each test suite

Test suit Acc
sms_spam_0 1.000
sms_spam_1 1.000
sms_spam_2 1.000
imdb_0 1.000
imdb_1 1.000
imdb_2 1.000
ag_news_0 0.900
ag_news_1 0.900
ag_news_2 0.900
open-coursebooks-pl_0 0.800
open-coursebooks-pl_1 0.857
open-coursebooks-pl_2 0.743

The service was tasked with predicting the correct labels
for the test samples based on the provided training exam-
ples.

The metric used to assess the performance of the ser-
vice was accuracy. The overall accuracy achieved by the
service was 0.925. Table 2 presents the results for each test
suite.

3.2. Token Classification Evaluation
In token classification, individual tokens are classi-

fied rather than the text as a whole. In most applications,
tokens correspond to words. Evaluation of token classifi-
cation is generally more complex than text classification.
Although accuracy can be used by treating each word
as a separate classification sample, this approach can
sometimes lead to overly optimistic results. The problem
is particularly relevant in token classification tasks with
sparse labels, where most tokens belong to the "none"
class. In such cases, a model that always predicts "none"
can achieve high accuracy without providing meaningful
predictions. This phenomenon is known as class imbal-
ance. In such scenarios, accuracy alone is insufficient,
and metrics such as precision, recall, and F1-score are
preferred [17].

Precision is defined using the confusion matrix. For
binary classification (belongs/does not belong to a class),
it is given by:

Precision=
T P

T P+FP
(3)

Precision can be interpreted as the probability that
a token predicted to belong to a class actually belongs to
that class. High precision indicates a small number of false
positives. However, precision alone does not indicate how
many true instances of a class were missed, which is why
it is reported alongside recall.

Recall is also defined using the confusion matrix. For
binary classification, it is given by:

Recall= T P
T P+FN

(4)

Recall represents the fraction of actual class tokens
that were correctly identified. High recall indicates that
most or all relevant tokens are detected. However, recall
does not account for incorrectly predicted tokens (false
positives).

Precision and recall must always be reported jointly,
as optimizing for one can adversely affect the other. To
provide a single measure of performance, the F1-score is
commonly used, defined as the harmonic mean of preci-
sion and recall:

F1-score= 2 · Precision ·Recall
Precision+Recall (5)

For multi-class classification, TP, FP, and FN are
calculated separately for each class, so a single precision,
recall, or F1-score cannot be directly computed. Two
common approaches are used to aggregate metrics across
classes: macro-averaging and micro-averaging.

Macro-averaging calculates the arithmetic mean of
the metric across all classes:

Precisionmacro =
1
K

K

∑
k=1

Precisionk (6)

Recallmacro =
1
K

K

∑
k=1

Recallk (7)

F1-scoremacro =
1
K

K

∑
k=1

F1-scorek (8)

Micro-averaging aggregates the counts of TP, FP,
and FN across all classes before computing the metrics:

Precisionmicro =
∑

K
k=1 T Pk

∑
K
k=1(T Pk +FPk)

(9)

Recallmicro =
∑

K
k=1 T Pk

∑
K
k=1(T Pk +FNk)

(10)

F1-scoremicro = 2 · Precisionmicro ·Recallmicro
Precisionmicro+Recallmicro

(11)

The primary difference between macro and mi-
cro metrics is that in macro-averaging, all classes are
weighted equally regardless of their frequency, whereas
in micro-averaging, more frequent classes have a greater
influence on the overall metric.
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3.2.1 Evaluation of Token Classification on the CAISE Plat-
form
One of the services available on the CAISE platform

is the BIO NER service, which provides named entity
recognition in the medical domain. The goal of Named
Entity Recognition (NER) is to identify spans of text that
denote persons, places, organizations, or other relevant
entities and assign each span to the appropriate class. In
the BIO NER service, the classes are defined as follows:

1. DRUG – drugs and therapeutic substances,
2. DISEASE – disease entities,
3. MARKER – biological and laboratory markers,
4. PROCEDURE – medical and diagnostic proce-

dures,
5. SYMPTOM – clinical symptoms,
6. DATE – dates and time spans longer than one day,
7. TIME – time expressions and time spans shorter

than one day,
8. CARDINAL – numerals and numeric values,
9. QUANTITY – quantitative and measurement val-

ues.
Named Entity Recognition (NER) can be formulated

as a token classification problem. However, since a sin-
gle entity may span multiple tokens, an additional adap-
tation is required. The most widely used approach is the
BIO format [18]. In the BIO format, two classifier labels
are created for each NER class: a B- class and an I- class.
In the BIO NER service, this results in labels such as B-
DRUG, I-DRUG, B-DISEASE, I-DISEASE, and so on. The
B-class indicates that the token is the beginning of a new
named entity of the given class, whereas the I-class de-
notes a continuation of the same entity. This distinction
allows the system to differentiate between two consecu-
tive entities and a single multi-token entity. In addition to
B/I labels, there is a single O class, which denotes tokens
that do not belong to any named entity. Consequently, a
NER system with 9 entity classes becomes a token classi-
fication problem with 19 labels.

To evaluate the quality of a NER system, entity-level
metrics are commonly used. This means that, before com-
puting precision and recall for a given NER class, the en-
tity boundaries are reconstructed based on the model’s
predictions, and an entity is counted as a true positive (TP)
only if it exactly matches the gold standard. Typically,
metrics are not computed for theO class, as it would dom-
inate the results in micro-averaged metrics. For global
evaluation, micro-averaging across all NER classes is often
preferred, as it provides a more informative assessment
than macro-averaging in this context.

The BIO NER service was evaluated on clinical notes
from the mtsamples dataset [19], which were annotated
using the BIO NER schema by human experts. The dataset
consists of 14 notes containing a total of 243 labeled enti-

ties. The global performance of the system was: Pmicro =
0.5385, Rmicro = 0.4897, F1micro = 0.5129. Detailed met-
rics for each class, presented in Table 3, provide additional
insight into the system’s performance.

Table 3: BIO NER per-class test performance

Class Labels count Precision Recall F1
DRUG 31 0.7000 0.6774 0.6885
DISEASE 56 0.7826 0.3214 0.4557
MARKER 5 0.0000 0.0000 0.0000
PROCEDURE 22 0.0769 0.0455 0.0571
SYMPTOM 19 0.0426 0.1053 0.0606
DATE 30 0.7857 0.7333 0.7586
TIME 1 1.0000 1.0000 1.0000
CARDINAL 18 0.2000 0.0556 0.0870
QUANTITY 61 0.7162 0.8689 0.7852

A closer examination of the results reveals an inter-
esting pattern for the DISEASE class. While the precision
is relatively high (0.78), the recall is much lower (0.32).
This indicates that when the system identifies a disease in
the text, it is likely to be correct, but a significant number
of actual disease mentions are overlooked.

Another noteworthy observation concerns the PRO-
CEDURE and SYMPTOM classes. The poor performance
on these classes may be attributed to imprecisely defined
class boundaries, which can make them difficult for hu-
man annotators to classify accurately when creating the
gold standard.

4. Evaluation Methods for Genera-
tive Language Models
Generative language models are designed to produce

new text sequences given an input context, typically
by modeling the probability distribution over tokens
and generating outputs in an autoregressive manner.
They are capable of open-ended text generation, which
distinguishes them from discriminative models focused
on prediction or classification. In recent years, this class
of models has been dominated by Large Language Models
(LLMs), which learn to predict the next word in a text
sequence based on prior context [20]. Their architecture
relies on the transformer mechanism and attention,
which allows the model to “focus” on relevant parts
of the text when generating responses [21]. LLMs are
trained on vast corpora of text data through next-token
prediction, during which they learn linguistic structure,
semantic relationships, factual knowledge, and reasoning
patterns [22]. Research has shown that model capabilities
scale predictably with increases in model size, dataset
size, and computational resources, leading to emer-
gent abilities such as few-shot learning and multi-step
reasoning [23]. These properties make LLMs suitable
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for diverse applications, including document analysis,
conversational agents, code generation, and information
extraction systems.

Evaluation of generative language models is inher-
ently non-trivial, as the tasks are typically open-ended
and allow the generation of arbitrary text. Each question
can have multiple correct answers, and in most cases, it is
not feasible to prepare all acceptable outputs in advance.
As a result, evaluation cannot rely on a direct, exact com-
parison between the generated text and a single reference
ground-truth answer. Such comparisons often yield mis-
leading scores; a model may produce a correct response
using different word order, paraphrasing, or synonyms.
In these cases, the response may still be correct, even if it
has minimal lexical overlap with the reference.

The gold standard for evaluating open-ended gener-
ation is manual assessment by human annotators. In a
typical setup, the annotator sees the input question, the
generated response, and optionally a reference answer,
and then assigns a score—often on a scale from 1 to 10.
However, this process is both time-consuming and costly.
Annotators must often be domain experts, which makes
hiring and scaling difficult. In addition, human evaluation
is hard to reproduce [24], and inter-annotator agreement
is frequently an issue. Since the process cannot be auto-
mated, it is usually limited to a one-time evaluation of the
final model. These limitations highlight the need for more
scalable, automated evaluation methods.

The automated evaluation of open-ended responses
can be approached from two angles: by either restricting
what the language model is allowed to return or by em-
ploying heuristics that estimate the quality of the answer
with respect to the ground truth, accounting for the possi-
bility of multiple correct outputs. The first approach con-
strains the model’s output by either limiting it to a prede-
fined set of answers (as in closed-ended questions) or by
framing the task in a way that naturally leads to a single
or very limited number of valid responses. The second ap-
proach allows for truly open-ended generation and typi-
cally evaluates responses using multiple ground-truth an-
swers per question, scoring them based on syntactic or se-
mantic similarity. With the recent advent of LLMs, a new
evaluation method has emerged; responses are judged by
a powerful LLM that, thanks to its extensive capabilities,
can often accurately assess the quality of an answer—even
without access to a ground-truth reference.

Below, we outline the most common methods
for evaluating generative language models, including
closed-ended question-based methods, reference-based
comparisons, and LLM-based judgment.

4.1. Closed-Ended Questions
The most basic evaluation method for generative

language models is based on single-choice, closed-ended
questions. The model is presented with a question and a
set of predefined answer options (e.g., a, b, c, d), and it
is tasked with generating a single letter corresponding
to the answer it deems correct. The generated answer
is then compared with the ground-truth answer, and
the model receives a point if they match. This type
of evaluation typically involves dozens to hundreds
of such questions. The final score is computed as the
percentage of correct answers relative to the total number
of questions, as shown in Equation 12:

Accuracy= 1
N

N

∑
i=1

I
(
ygeni = ytruei

)
×100% (12)

where:

▶ N is the total number of questions,
▶ ygeni is the answer generated by the language model
for question i,

▶ ytruei is the ground-truth answer,
▶ I(·) is the indicator function, equal to 1 if the condition
is true and 0 otherwise.

While simple, the closed-ended question method has
several advantages for evaluating generative language
models. First, it is efficient and fast to run, as the model
only needs to generate a single token (a letter corre-
sponding to the selected answer). Modern autoregressive
language models generate each token conditioned on
previously generated tokens. Therefore, producing
longer responses incurs higher computational cost and
latency.

Furthermore, this method is flexible and allows for
evaluating language models across different domains
and capabilities through careful question design and
answer framing. If selecting the correct answer primarily
requires domain-specific knowledge, the evaluation tests
the model’s domain-specific knowledge. Alternatively,
if answering correctly requires intermediate reasoning
steps (e.g., solving a mathematical equation before
selecting the correct option), the method can also assess
more advanced reasoning capabilities.

However, this method has several limitations. The
language model is constrained to a predefined set of an-
swers, and only the final choice is evaluated. As a result, it
is not possible to fully determine whether the model was
genuinely capable of answering the question or whether
the correct answer was selected by chance. If the model
were required to answer the same question without access
to predefined options, it might fail, as it would need to rely
entirely on its own knowledge and generative capabilities.
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This approach also gives no insight into the reasoning be-
hind the selected answer. In addition, the results can be
sensitive to how the prompt is worded, how the answers
are ordered, or how the input is formatted, which may in-
troduce unintended bias.

4.1.1 Closed-Ended Question Evaluations on the CAISE Plat-
form
We applied a closed-ended question-based evalua-

tion to assess the Large Language Model as a Base Service
deployed on the CAISE platform. This service provides
access to the Polish LLM Bielik 11B 2.2 [25]. Users can
prompt the LLM directly, and the service also provides
access to it for other services on the platform. Therefore,
proper evaluation of this model is crucial.

We evaluated the model along two main dimen-
sions: general Polish language comprehension—since the
CAISE platform is focused on processing Polish text—and
domain-specific knowledge in medicine, as many CAISE
services target medical applications. For general lan-
guage understanding, we used the KLEJ-DYK(“Did you
know?”) benchmark [26], which consists of 1,000 tasks.
In each task, the model is presented with a question
and a candidate answer and must decide whether the
answer is correct by selecting one of the available op-
tions. To assess the model’s performance in the medical
domain, we used the PES-2018-2022 dataset [27], which
contains questions from the Polish Board Certification
Examinations (Państwowy Egzamin Specjalizacyjny). We
selected a subset of 100 multiple-choice questions related
to primary care medicine.

Figure 1: Closed-ended question-based evaluation results of the
Large Language Model as a Base Service

Evaluation results for both benchmarks are pre-
sented in Figure 1. The model achieves strong perfor-
mance on the KLEJ-DYK benchmark, indicating solid
general Polish language comprehension. Performance
on the PES primary care subset is lower, reflecting the
increased difficulty and domain specificity of medical
questions. These results highlight the importance of

domain-focused evaluation when deploying language
models in applied settings.

4.2. Exact-Match Evaluation
A more advanced evaluation method is based on ex-

act matching of the model-generated response. In this
setup, the language model is given only a question and
is expected to generate the complete answer. The ques-
tion is carefully formulated so that the correct answer is a
single word or a short phrase, with only a few valid vari-
ations. For example, the question “What is the currency
of the United Kingdom?” allows for a small set of correct
answers, such as “pound”, “British pound”, or “GBP”.

Datasets used for this type of evaluation typically
consist of dozens to hundreds of such questions, each as-
sociated with a predefined set of acceptable answers. The
model’s generated response for a given question is com-
pared against this set, and if any exact match is found, the
model receives a point. The final score is computed as the
percentage of correct answers relative to the total number
of questions, as shown in Equation 13:

Accuracy= 1
N

N

∑
i=1

I
(
ygeni ∈ Y true

i
)
×100% (13)

where:

▶ N is the total number of questions,
▶ ygeni is the answer generated by the language model
for question i,

▶ Y true
i is the set of acceptable ground-truth answers for

question i,
▶ I(·) is the indicator function, equal to 1 if the condition
is true and 0 otherwise.

In contrast to closed-ended questions, this approach
allows for a more in-depth evaluation of the model’s
knowledge and capabilities. The model does not see
predefined answer options and must generate the full
answer, relying solely on its own knowledge, which
reduces the risk of selecting the correct answer by
chance. The method also offers flexibility similar to
closed-ended evaluation, as it can be applied across
different domains and skills by carefully designing the
questions and expected answer formats.

However, this method also has limitations. It can be
challenging to construct questions that admit only a small
number of valid answers. Models may generate a correct
answer embedded in a full sentence and still receive a zero
score due to strict matching. In addition, the generated re-
sponses are typically limited to very short phrases, which
prevents evaluation of truly open-ended generation tasks
such as producing longer coherent texts, maintaining fac-
tual consistency, or controlling writing style—capabilities
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that are often central to real-world applications of gener-
ative language models.

4.2.1 Exact-Match Evaluation on the CAISE Platform
Within the CAISE platform evaluation, we applied

Exact-Match Evaluation to assess theWord Prediction with
LLM service. This service predicts possible next words
based on a given context, returning up to five top can-
didates along with their associated probabilities. For the
evaluation dataset, we used a subset of the NKJP corpus
(National Corpus of Polish) [28], focusing on journalistic
texts. Each text was randomly split to create input con-
texts, where the first word after the split was treated as
the reference next word. We then manually verified the
splits, resulting in a final evaluation set of 604 cases.

Figure 2: Accuracty for exact-match-based evaluation results of the
Word Prediction with LLM Service

Figure 3: Mean predicted probability for exact-match-based evalua-
tion results of theWord Prediction with LLM Service

During evaluation, the service received the context
and was awarded a point if any of the five predicted next
words exactly matched the reference next word (Exact
Match@5). We also report Exact Match@1 (match with
the highest-probability candidate). In addition, we report
the mean probability assigned to the correct next word

when it appears among the candidates, and the mean
probability of incorrect candidate words. Results are
presented in Figures 3 and 3. The service achieved 69.04%
Exact Match@1 and 81.13% Exact Match@5. The correct
next word, when present in the candidate list, received a
higher mean probability (0.76) than incorrect candidates
(0.22), indicating that the model tends to assign higher
confidence to correct predictions.

4.3. Reference-based Metrics
Reference-based metrics evaluate the quality of gen-

erated text by directly comparing system outputs against
one or more reference texts assumed to represent accept-
able or high-quality realizations of the same content. In
other terms, such metrics assess how closely a candidate’s
output matches the reference text. The evaluation is an-
chored to explicit reference material. The effectiveness of
these metrics depends strongly on the availability, quality,
and diversity of reference texts. Consequently, reference-
based metrics are often used as approximate indicators of
quality and are best interpreted in conjunction with com-
plementary evaluation approaches.

4.3.1 BLEU
As a first metric, we used BLEU — an automatic eval-

uation metric originally designed for machine translation
that compares a candidate translation against one or more
reference translations based on n-gram overlap. The met-
ric is grounded in the widely used notion of precision. For
each n-gram order n, BLEU computes amodified precision
score defined as the ratio of matched n-grams to the total
number of n-grams in the candidate translation. Rather
than relying on a single n-gram order, BLEU combines
multiple n-gram precision scores, as each n-gram order in-
dependently provides diagnostic information about trans-
lation quality.

pn =
∑g∈Gn min(countC(g),countR(g))

∑g∈Gn countC(g)
(14)

where:

▶ pn denotes themodified precision for n-grams of order
n,

▶ Gn is the set of all n-grams in the candidate translation,
▶ countC(g) denotes the number of occurrences of n-
gram g in the candidate translation,

▶ countR(g) denotes the maximum number of occur-
rences of n-gram g in any reference translation.

These modified precisions are aggregated using a
weighted geometric mean, and the resulting score is
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further adjusted by a brevity penalty to discourage overly
short translations [29]. The final BLEU score is defined
as:

BLEU = BP · exp

(
N

∑
n=1

wn log pn

)
(15)

where:

▶ BP is the brevity penalty that discourages overly short
candidate phrases,

▶ N is the maximum n-gram order (typically N = 4),
▶ wn are non-negative weights such that ∑

N
n=1 wn = 1

(often uniform, i.e., wn =
1
N ),

▶ pn is the modified precision for n-grams of order n.

The BLEU metric ranges from 0 to 1, where a score of 1
indicates a perfect match with the reference translation,
meaning that all n-grams in the candidate translation are
identical to those in the reference. Conversely, a score of
0 indicates no n-gram overlap between the candidate and
the reference translation. In practice, even high-quality
human translations rarely achieve scores above 0.6 due to
natural paraphrasing variation.

One of the main advantages of BLEU is that, at the
corpus level, it typically shows a reasonable correlation
with aggregated human judgments. Nevertheless, be-
cause BLEU is based on surface-level n-gram overlap, it
does not account for semantic equivalence or paraphras-
ing, performs poorly at the sentence level, and is highly
dependent on the quality and availability of reference
translations.

We used BLEU as a supplementary metric to eval-
uate the Abstract Generation Service and the Smart Note
Service. While BLEU was originally designed for machine
translation tasks, it has since been adopted in a variety
of text generation settings, providing a consistent and in-
terpretable measure of surface-level similarity. Thus, we
treated BLEU solely as a supportive indicator for the ab-
stractive summarization and note-taking tasks, where it
offered additional insight into the lexical overlap between
generated outputs and reference texts.

4.3.2 ROUGE
ROUGE stands for Recall-Oriented Understudy for

Gisting Evaluation, and it is primarily used to determine
the quality of a summary by comparing it against ideal
(human-written) reference summaries. Where BLEU asks
“How much candidate content appears in references?” (pre-
cision), ROUGE inverts the question: “How much refer-
ence content appears in the candidate?” (recall). This in-
version is important for assessing summarization quality,
as omitting key information is a more serious error than
including minor, unnecessary details. ROUGE scores are

computed by measuring the overlap of lexical units such
as n-grams, word sequences, and word pairs between the
candidate summary and the reference summaries.

There are four main ROUGE variants: ROUGE-N,
ROUGE-L, ROUGE-W, and ROUGE-S. Each variant
compares a generated summary with one or more human
reference summaries in a different way. ROUGE-N mea-
sures overlap of n-grams (e.g., unigrams: ROUGE-1 or
bigrams: ROUGE-2). ROUGE-L is based on the Longest
Common Subsequence (LCS) and focuses on matching
words in the same order, but not necessarily adjacent
to each other. This strategy captures sentence-level
structure more flexibly than strict n-gram matching,
accommodating word reordering while preserving se-
mantic flow. ROUGE-W extends ROUGE-L by weighting
consecutive matches more heavily than fragmented ones,
thus rewarding contiguous phrase preservation. Finally,
ROUGE-S relies on skip-bigrams, that is, pairs of words
that appear in the same order but may be separated by in-
tervening words [30]. This approach captures long-range
content dependencies without requiring exact adjacency,
making it robust to substantial reordering. Each ROUGE
variant focuses on a different aspect of summary quality:
ROUGE-N measures local word overlap, ROUGE-L cap-
tures overall word order, ROUGE-W emphasizes longer
phrase matches, and ROUGE-S reflects how content is
distributed. Using multiple ROUGE metrics, therefore,
provides a more complete evaluation of summaries.
Similar to BLEU, ROUGE metrics are often used for
other text generation tasks with available reference texts,
providing a simple, interpretable way to assess content
overlap and structural similarity between generated and
reference outputs.

4.3.3 BERTScore
Another metric is a BERTScore. It is an evalua-

tion metric for text generation that measures semantic
similarity between a candidate sentence and a reference
sentence using pretrained contextual embeddings from
the BERT model [31]. Unlike metrics based on exact
string or n-gram overlap, BERTScore computes pairwise
cosine similarities between contextual token embeddings
of the candidate and reference sentences, aligning each
token with its most similar counterpart in the other
sentence. By operating on contextualized token repre-
sentations, BERTScore can capture semantic equivalence
and paraphrasing beyond surface overlap, making it
more robust than n-gram-based metrics such as BLEU
or ROUGE when meaning is preserved despite lexical or
word-order variation.

BERTScore computes precision, recall, and F1 based
on token-level similarity. Precision measures how well
the candidate tokens match the reference tokens, recall
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indicates how much of the reference content is covered
by the candidate, and F1 provides a balanced summary.
This token-based formulation enables a more fine-grained
evaluation than sentence-level overlap metrics. Based on
token-level precision and recall, the BERTScore F1 is com-
puted as:

F1BERT =
2 ·PBERT ·RBERT
PBERT+RBERT

, (16)

where:

▶ PBERT and RBERT are the precision and recall scores,
▶ the F1 score represents their harmonic mean.

To make the scores easier to interpret, the authors
apply baseline rescaling. They estimate an empirical
lower-bound similarity from pairs of unrelated sentences
and subtract it from the raw BERTScore values. After
calibration, this baseline maps to approximately 0, and
in practice, the rescaled scores typically fall within
[0,1] [32]. Most limitations of BERTScore stem directly
from the constraints of the underlying BERT architecture.
In particular, cosine similarity between contextualized
token embeddings does not necessarily correspond to
true semantic equivalence. As a result, the metric may fail
to capture negation and semantic reversal, assigning high
similarity scores to sentences that share surface-level lex-
ical content but differ in meaning (e.g., affirmative versus
negated statements). Furthermore, BERTScore primarily
operates at a local contextual level and inherits BERT’s
fixed context window limitation (512 tokens), which
restricts its ability to model long-range dependencies and
document-level coherence. Consequently, embeddings
that are contextually related but factually inconsistent or
logically contradictory may still yield deceptively high
similarity scores.

Despite these limitations, BERTScore remains sub-
stantially more robust than purely lexical metrics for eval-
uating paraphrasing and abstraction, owing to its use of
contextualized semantic representations. Moreover, the
metric is not inherently tied to the original BERT archi-
tecture and can benefit from stronger or more recent pre-
trained models, which may partially mitigate these limita-
tions in practice. This makes the metric a suitable choice
for tasks where preserving meaning is more important
than exact wording.

4.4. LLM-as-a-Judge
Large language models are increasingly employed

as evaluators across a wide range of tasks. Owing
to their ability to process diverse data modalities and
generate consistent, scalable assessments, LLMs offer
a compelling alternative to traditional expert-driven

evaluation frameworks [33]. Existing studies indicate
that LLMs’ scalability, adaptability, and cost-effectiveness
make them well-suited for evaluative tasks that have
historically relied on human judgment. Furthermore,
recent advances in training paradigms, particularly
Reinforcement Learning from Human Feedback (RLHF),
have substantially enhanced the alignment of LLM
behavior with human values and modes of reasoning.
As a result, LLM-as-a-Judge systems are increasingly
demonstrating their potential to assist or partially replace
human evaluators across a broad range of professional
domains. This potential is further enhanced by their
capacity to integrate external tools, such as online search
and retrieval mechanisms, enabling more informed,
context-aware evaluations [34].

As an Evaluator, an LLM assigns quantitative scores
to model outputs based on predefined quality dimensions
(e.g., helpfulness, accuracy, coherence) through semantic
and contextual understanding. LLM-based evaluators
typically correlate better with human judgments than
traditional reference-based and reference-free metrics,
especially for open-ended and creative natural language
generation tasks such as dialogue response genera-
tion [35]. However, their effectiveness strongly depends
on the quality of evaluation instructions. Prompts must
clearly define the scoring scale and explain what each
score level means to ensure consistency and reduce
ambiguity.

Evaluation strategies for LLM-based judgment can
be grouped by how model outputs are evaluated. Two
common approaches are single-output (pointwise) eval-
uation and pairwise evaluation, which differ in whether
answers are judged on their own or in comparison to
others. In pairwise evaluation, an LLM judge is given
a question and two answers and decides which one is
better or whether they are equally good. This approach
focuses on relative quality rather than absolute scores.
In single-output (pointwise) evaluation, the LLM judge
evaluates one answer at a time and assigns it a quality
score based on predefined criteria. In some cases, a
reference-guided evaluation is used, where a reference
answer is provided. The LLM judge then evaluates a
generated answer by comparing it to this reference, for
example, in terms of correctness or completeness. This
approach can be applied in both pointwise and pairwise
settings [36].

Best practices for LLM-based evaluation emphasize
rigorous prompt design and bias control. Evaluation crite-
ria should be defined through explicit scoring rubrics that
concretely specify what each score level represents, rather
than relying on underspecified numeric scales. Few-shot
calibration with a small number of annotated examples
helps stabilize judgments and align the model with the
intended interpretation of quality dimensions. To address
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known systematic biases, explicit bias-mitigation instruc-
tions should be included, clarifying which features (e.g.,
response length or stylistic tone) must be ignored unless
task-relevant. When available, reference answers can be
used to ground evaluations and reduce subjectivity, pro-
vided that they serve as anchors rather than strict tem-
plates, allowing for alternative but valid responses.

Despite their capabilities, LLM-based evaluators ex-
hibit systematic limitations and bias. Because LLMs are
highly flexible and existing benchmarks are often inad-
equate, it can be difficult to determine whether an eval-
uation is correct or reliable [36]. LLMs are trained on
large amounts of internet data, which may contain bi-
ases. When acting as judges, these biases can be reflected
or amplified, leading to unfair evaluations, especially in
open-source or fine-tuned models [33]. Another limita-
tion is limited transparency. LLMs operate as black boxes,
making it hard to understand how specific scores or de-
cisions are produced. Their evaluations can also be un-
stable, as results may change with small differences in
prompt wording. Previous studies show that LLM judges
may prefer LLM-generated text over human-written text,
which can lead to self-reinforcing evaluation when LLM-
based metrics are used for model improvement [37]. Fi-
nally, LLM judges may favor certain response styles or
formats, which can disadvantage creative or unconven-
tional answers and reduce diversity in evaluated outputs.
These limitations do not preclude LLM-based evaluation
but require awareness and mitigation strategies. Combin-
ing LLM judges with traditional metrics and human vali-
dation provides a more robust assessment than any single
approach.

4.4.1 Reference-based Metrics and LLM-as-a-Judge on the
CAISE Platform
Within the CAISE platform evaluation, we applied

reference-based metrics to assess both the Abstract Gen-
eration Service and the Smart Note Service.

The Abstract Generation Service generates a concise
summary of a longer document while preserving its
key information and main topics. The service analyzes
the input text, identifies salient points, and produces
an abstracted overview of the original content. The
evaluation focused on assessing the quality of the gener-
ated summaries using BERTScore and ROUGE, with the
corresponding results illustrated in Figures 4 and 5.

The BERT Score results at F1=0.8981 indicate very
high semantic quality of the generated summaries, which
is crucial for the Abstract Generation Service. The partic-
ularly high recall (91.90%) is ideal in the context of sum-
marization, as it means the model effectively captures and
retains all key information from the original documents
without omitting essential content. The characteristic dif-

Figure 4: BERTScore results for the Abstract Generation Service

Figure 5: ROUGE (F1) results for the Abstract Generation Service

ference between high BERT Score results and significantly
lower ROUGE metrics (0.51/0.34/0.39) is typical and de-
sirable for modern summarization systems. It indicates
that the model does not copy phrases verbatim from the
original but effectively paraphrases and synthesizes in-
formation while preserving its semantic meaning. Low
standard deviations (±0.03) confirm the system’s stabil-
ity across different document types. The service delivers
summaries of consistently high quality.

The Smart Note Service transforms bullet points and
draft notes into fluent, coherent, and easily understand-
able text. The evaluation followed the same protocol as
in the previous service, assessing the quality of the gen-
erated text using BERTScore and ROUGE. The results, re-
flecting the correctness of the note-to-text transformation,
are presented in Figures 6 and 7.

The BERT Score of F1=0.9166 demonstrates reliable
quality for the Smart Note Service. The balanced preci-
sion (91.85%) and recall (91.48%) indicate the model nei-
ther adds unnecessary content nor omits important in-
formation when transforming bullet points into coherent
text. The gap between high BERT Score and lower ROUGE
metrics (0.49/0.32/0.39) confirms effective expansion and
rephrasing rather than simple copying. Low standard de-
viations (±0.035) show consistent performance. The ser-
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Figure 6: BERTScore results for the Smart Note Service

Figure 7: ROUGE (F1) results for the Smart Note Service

vice ensures text transformation quality consistent with
professional requirements.

The objective of applying the LLM-as-a-Judge ap-
proach is to identify non-local and relational errors that
remain largely invisible to traditional automatic metrics,
including n-gram-based measures (e.g., BLEU, ROUGE)
and embedding-based metrics such as BERTScore. To
assess the quality of the generated medical note and
the generated abstract while mitigating the influence
of simple lexical or syntactic similarity measures, we
employed an LLM-as-a-Judge framework in which an
independent language model evaluates the output. The
evaluating model (LLM judge) was PLLuM 70B Chat [38],
an official model of the Polish Ministry of Digital Affairs
(Pol. Ministerstwo Cyfryzacji), which has substantially
greater capacity than the generative model used for note
creation (Bielik 11B). The judge model scored each output
on a 1–10 quality scale. The final results are shown in
Figure 8. They are expressed exclusively as the arithmetic
mean M of the assigned scores, amounting to M = 7.99
for the Abstract Generation Service and M = 8.20 for the
Smart Notes Service.

The obtained mean scores, close to 8 on a 10-point
scale, indicate that both services achieve a high and
stable level of output quality under the LLM-as-a-Judge

Figure 8: Average scores for services evaluated using the LLM-as-a-
Judge approach (scale: 0–10)

evaluation. Although the Smart Notes Service obtained
marginally higher scores, the observed difference is small,
pointing to overall consistency and robustness of the
proposed solution across the evaluated tasks.

5. Summary
We presented current methods for evaluating lan-

guage models, starting with standard metrics such as
accuracy, precision, recall, and F1 score for tasks such as
text and token classification. We then covered evaluation
techniques for modern LLMs: from simple approaches
such as closed-ended questions and exact match, through
reference-based metrics such as BLEU and ROUGE,
to more advanced methods that use auxiliary models,
including BERTScore and the increasingly popular
LLM-as-a-Judge paradigm.

In practical deployments with limited evaluation
data, it is also important to consider statistical signif-
icance and domain shift. When comparing different
models or service versions, small differences in metrics
may not reflect real improvements, especially on small
test sets. Therefore, evaluation should be supported by
confidence intervals or significance tests. In addition,
static test datasets may become less representative over
time, for example when new terminology, procedures,
or domain-specific knowledge appear. For this reason,
evaluation datasets should be periodically updated, and
deployed services should be monitored for changes in
input data distribution.

Taken together, the methods and examples discussed
in this paper show how evaluation can be adapted to
different types of language model-based services on the
CAISE platform. These examples can serve as a practical
reference for designing evaluation strategies for future
language model-driven applications.
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