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Abstract

We introduce EncouRAGe, a comprehensive
Python library designed to streamline the devel-
opment and evaluation of Retrieval-Augmented
Generation (RAG) systems using Large Lan-
guage Models (LLMs) and Embedding Mod-
els. EncouRAGe comprises five modular and
extensible components: Type Manifest, RAG
Factory, Inference, Vector Store, and Metrics,
facilitating flexible experimentation and exten-
sible development. Each component helps to
make development RAG evaluation and em-
phasizes scientific reproducibility, diverse
evaluation metrics, and local deployment, en-
abling researchers to efficiently assess datasets
within RAG workflows. This paper presents
implementation details and an extensive eval-
uation across multiple benchmark datasets, in-
cluding 25k QA pairs and over 51k documents.
Our results show that RAG still underperforms
compared to the Oracle Context, while Hybrid
BM?25 consistently achieves the best results
across all four datasets.

Code: github.com/uhh-hcds/encourage

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020; Huang and Huang, 2024; Nikishina
et al., 2025) has emerged as a dominant approach
for enhancing large language models (LLMs) with
external knowledge sources. By combining re-
trieval and generation, RAG systems can provide
more factual, contextually grounded, and up-to-
date responses (Shuster et al., 2021; Sahoo et al.,
2024). However, the rapid development of RAG ar-
chitectures (Huang and Huang, 2024; Sarthi et al.,
2024), methods (Gao et al., 2021, 2023), and LLM-
as-a-Judge metrics (Es et al., 2024a) has created
a need for an implementation-focused RAG eval-
uation library to create a reliable way to compare
performance on domain-specific datasets.

Assessing a RAG system for a specific dataset
requires analyzing the performance of both the re-
triever and generator, as well as their interaction. It
is particularly challenging because LLM outputs
can be lengthy, complex, and ambiguous, making
it difficult to define clear correctness or objectively
measure factual accuracy (Ru et al., 2024). Re-
cent RAG evaluation frameworks, such as RAGAS
(Saad-Falcon et al., 2024), RAGChecker (Ru et al.,
2024), and TruLens (Snowflake Inc., 2024), have
begun addressing these challenges by providing
libraries to jointly analyze retrieval and generation
quality, reflecting the interdependence between the
two components. Instead of relying solely on tra-
ditional metrics like BLEU (Papineni et al., 2002)
or ROUGE (Lin, 2004), they use LLM-based or
embedding-based measures to directly evaluate fac-
tual correctness, relevance, and consistency of the
generated text (Es et al., 2024a). Additionally, they
often provide enhanced Ul and monitoring features
for RAG in production environments.

Despite recent advances, a lack of the following
features in state-of-the-art (SOTA) frameworks re-
mains, hindering the effective comparison of RAG
methods for domain-specific datasets:

(1) Lack of comparability of scientific methods.
Existing libraries in this field focus solely on imple-
menting metrics, with no standardized implemen-
tation of SOTA RAG methods. This heterogeneity
hinders meaningful and reproducible comparisons
across different RAG approaches.

(2) Limited flexibility of LL.M-as-a-judge met-
rics. LLM-as-a-judge metrics are sensitive to do-
main and dataset, and must be flexible to be effec-
tive. Therefore, custom prompts for individually
designing evaluations are crucial and are not cur-
rently available in existing frameworks.

(3) Primarily cloud-oriented, with limited flex-
ibility for integrating new metrics or methods.
Many existing frameworks are designed with a nar-
row focus on specific local setups and lack modu-
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Figure 1: System overview of the EncouRAGe Python library. Input data in any format must be transformed to fit
the Type Manifest. The RAG Factory provides various RAG methods, while the Metrics component implements
all evaluation metrics. Inference can be executed locally or via cloud providers using the OpenAl SDK, and
supported Vector Store includes Chroma and Qdrant. The output fits popular monitoring systems.

larity for broader integration. A flexible, plug-and-
play architecture is essential to support new RAG
methods and additional new metrics.

In order to solve these challenges, we present
EncouRAGe, an open-source Python library for
comprehensive, reproducible, and extensible RAG
evaluation (Fig. 1). It can be integrated with any
dataset into a parsable, object-oriented structure
for effective and traceable workflows. EncouRAGe
includes 10 RAG methods, manages LLM and em-
bedding inference, and provides metrics in three
categories:

1. Generator Metrics: Evaluating the performance
end-to-end with classic NLP metrics (ROUGE,
BLEU, etc.).

2. Retrieval Metrics: Evaluating the effectiveness
of the retriever in finding relevant information from
the knowledge base.

3. LLM-as-a-Judge: Evaluating the effectiveness
of the RAG pipeline enhanced by custom prompts.

To address the rapid pace and volume of new
RAG and LLM research, reproducing and com-
paring methods has become increasingly time-
consuming. With EncouRAGe, evaluating new
approaches or verifying others claims becomes
straightforward and extensible. The library en-
ables quick benchmarking across diverse methods,
models, and datasets with minimal manual effort,
requiring mainly GPU time rather than complex
reimplementation. We demonstrate this through
experiments comparing RAG methods on four QA
datasets.

The main contributions of this paper are as follows:

* We present EncouRAGe, a novel RAG eval-
uation library that consists of 9 SOTA RAG
methods, an object-oriented Type Manifest,
and over 20 Metrics to get transparent and
reliable results.

* We conduct a case study across four datasets
with 25k QA pairs and 50k documents,
demonstrating the workflow, effectiveness,
and usefulness of the framework.

2 Related Work

Retrieval-Augmented Generation. LLMs excel
at text generation but face challenges such as out-
dated knowledge and hallucinations (Shuster et al.,
2021; Huang and Huang, 2024). RAG addresses
these issues by incorporating external knowledge,
improving accuracy and factuality (Lewis et al.,
2020; Sarthi et al., 2024). This approach is crit-
ical in domains such as law (Cui et al., 2024),
medicine (Xiong et al., 2024; Chen et al., 2025b),
and finance (Chen et al., 2025b), where precision
is crucial. RAG systems have achieved strong re-
sults in tasks such as open-domain question answer-
ing (Kim and Lee, 2024), code generation (Wang
et al., 2025), and dialogue (Chen et al., 2025a).
They have also been adopted in real-world appli-
cations, including Llamalndex (Liu, 2022), where
they help integrate external data sources into large
language model workflows for more context-aware
responses.



Evaluation of RAG. (1) Lightweight and
Dataset-Based Evaluation Tools. RAGAS (Es
et al., 2024a) and RAGChecker (Ru et al., 2024)
provide systematic metrics for assessing RAG
pipelines. RAGAS was the first library to pro-
vide LLM-as-a-Judge metrics and offers addi-
tional classic NLP evaluation metrics. In contrast,
RAGChecker employs a modular approach that
decomposes RAG performance into retrieval and
generation components, allowing detailed error at-
tribution and interpretability. But both lack imple-
mentation of RAG methods and are cloud-focused.

(2) Monitoring Frameworks for Production
RAG Applications. TruLens (Snowflake Inc.,
2024) and Opik (Comet ML, Inc., 2025) extend
evaluation capabilities to deployed RAG and LLM-
based applications. TruLens enables real-time
tracking, custom evaluation functions, and integra-
tion with human feedback loops, making it suited
for agent-oriented systems in which RAG serves as
an auxiliary mechanism. Opik provides end-to-end
monitoring and analytics for production environ-
ments, supporting model observability for improve-
ment workflows. Both systems are application-
focused and not designed for research.

(3) General LLM Evaluation Frameworks.
DeepEval (Al 2024) and OpenAl evals (OpenAl,
2025a) offer broader evaluation capabilities that
extend beyond RAG-specific scenarios. DeepEval
provides standardized testing interfaces and model-
agnostic benchmarking tools for assessing reason-
ing, factual accuracy, and robustness.

3 EncouRAGe

As shown in Fig. 1, EncouRAGe is an end-to-end
RAG evaluation library in Python consisting of
five main components. To showcase our library,
we define the formal idea in Subsec. 3.1. It sup-
ports any dataset containing queries, answers, and
golden context triples. The data is standardized
via the Type Manifest, as explained in Subsec. 3.2,
ensuring type safety of all elements during pro-
cessing. Users can select from a wide range of
RAG methods defined in the RAG Factory (Sub-
sec. 3.3), which utilize the Inference Handler and
Vector Store described in Subsec. 3.4. For eval-
uation, EncouRAGe uses over 20 Metrics to de-
termine whether the performance loss originates
from the retriever or the generator. EncouRAGe is
a fully tested codebase and supports all LLMs and
embedding models available on HuggingFace.

3.1 Task Formulation

We formalize the framework underlying our library
as follows. EncouRAGe provides a collection of
RAG methods R and evaluation metrics M, which
can be applied to any dataset D that is defined as
D = {(qi, ai, ¢;) }I,, where g; denotes a question,
a; its corresponding answer, and c; the associated
gold context, which may also include additional
elements not paired with a ¢; and a;.

All contexts ¢; are embedded and stored in a
vector store V = Embed({c;}¥,), which serves
as the retrieval space for each RAG method R. A
RAG method is denoted as R = (R, G), where R
represents the retriever and G the generator. Given
a query g;, the retriever R accesses the vector store
V to return a set of top-k relevant contexts

Cr=lc1,c0,. .. e] = R(g3 V), (1)
where ¢ is the most relevant context and c; the
least among the top k.

Cy, is then passed to the generator G to produce
a predicted answer

a; ~ P(a| ¢, Ck). (2)

The quality of the predicted answer a; is evaluated
against the ground-truth a; using a set of metrics
M = {my,ma,...,my}, producing scores

sij =mj(ai,a;), Vie€[l,N], jel,J]. (3)
Each score s; ; reflects the performance of the re-
triever, the generator, and their interaction.

3.2 Type Manifest

The Type Manifest is a collection of object-oriented
Python structures designed to streamline evalua-
tion, improve reliability, and enhance maintain-
ability, as illustrated in Fig. 2. Each data point
is represented as a Document object containing a
unique identifier, textual content, and an associ-
ated MetaData object. The MetaData object is a
dictionary for meta information not used in pro-
cessing, enabling flexible organization and analysis.
A Context may include multiple Documents, re-
flecting the capability of RAG methods to retrieve
several documents. Each Context is injected into a
Jinja2 template, allowing users to define prompt
structures and incorporate document content via
template variables. The Prompt object contains an
identifier, conversation history (sys and user mes-
sages), a Context, and a MetaData object.
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Figure 2: Type Manifest. Gold Documents link to
the Context, combined via Jinja2 templates with the
prompt to form the Prompt Collection. Metadata en-
sures traceability for documents and prompts.

When constructing a PromptCollection, the
PromptReformatter renders the Jinja2 template,
and the related template variables. This ensures
consistent usage across the evaluation pipeline, al-
lowing seamless integration with the RAG Factory
and reproducible metric computation.

3.3 RAG Factory

The RAG Factory is the core of our Python li-
brary, defining all available methods for dataset
evaluation (Fig. 3). It currently provides ten meth-
ods across three categories: Without RAG, Basic
RAG, and Advanced RAG, with a standardized
interface for easy extension and a Type Manifest
for consistent integration.

Without RAG. In the Pretrained-Only setup, no
retriever is employed, and models must answer
questions solely based on their pretraining knowl-
edge. Conversely, the Oracle Context setting as-
sumes that the relevant context is directly passed to
the generator.

Basic RAG Methods. The Base RAG implemen-
tation follows the original RAG approach (Lewis
et al., 2020), where only the question is embedded
to retrieve the top-k documents, which are then
passed unchanged to the generator. In addition, a
Standard BM25 (Robertson and Zaragoza, 2009)
retriever is provided as a purely lexical baseline,
relying on term-frequency and inverse document-
frequency weighting to rank documents based on
keyword overlap. Hybrid BM25 (Gao et al., 2021)
combines sparse lexical retrieval using BM25 with
dense vector retrieval, leveraging both methods to
improve recall and relevance. Finally, the Reranker
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Figure 3: Overview of RAG Factory. RAG Factory is
organized into three categories: Without RAG, Basic
RAG, and Advanced. In total, EncouRAGe supports 10
methods, with more to be added in the future.

HyDE
Reranker

method (Glass et al., 2022) can apply any cross-
encoder model after initial retrieval to reorder doc-
uments in a shared embedding space.

Advanced RAG Methods. This category con-
sists of methods that modify the query, transform
retrieved contexts, or employ iterative retrieval
strategies. The HyDE method (Gao et al., 2023)
generates hypothetical answers for each question,
using them as refined queries to retrieve more rele-
vant documents. Summarization reduces noise by
summarizing each retrieved context using an LLM,
focusing on essential information. SumContext ap-
plies a similar summarization step, retaining the
original full documents for generation, aiming to
reduce distractions while preserving the content.

3.4 Inference and Vector Store

For Inference, we focus on local deployment, pri-
marily leveraging vLLM (Kwon et al., 2023), which
is one of the fastest LLM engines available. Com-
munication with the LLM is handled through the
OpenAl Python SDK (OpenAl, 2025b), allowing
seamless integration of HuggingFace, OpenAl, and
Gemini. Also structured output is possible through
providing a pydantic model to the runner. Other
integrations are planned.

For the Vector Store, we utilize a serverless ver-
sion of Chroma (Chroma Team, 2025), which cre-
ates an in-memory SQLite3 database stored locally.
As an alternative, we also support Qdrant (Qdrant
Team, 2025), which can handle large-scale docu-
ment collections. Both implementations share a
unified interface, simplifying the integration of ad-
ditional vector database backends in the future.



3.5 Metrics

Evaluating different RAG methods is a core fea-
ture of our library, implemented through the Met-
rics module. To provide a transparent and com-
prehensive assessment, we include metrics for
all components of RAG across multiple datasets,
grouped into three categories: generator metrics,
retrieval metrics, and LLM-based metrics. To
align with existing research, we primarily use the
evaluate (HuggingFace, 2025) library for most
generator metrics. For retrieval metrics, we used
the ir_measures (MacAvaney et al., 2022) li-
brary, which is specialized for information retrieval.
LLM-based metrics are fully implemented and eas-
ily customizable with prompts and examples, en-
abling flexible use across datasets. Appendix B
gives an overview of the metrics of the library.

The Type Manifest typing system integrates with
all metrics, enabling automatic computation once
a RAG method is selected. Outputs are stored for
easy integration with m1flow (Zaharia et al., 2018)
or wandb (Biewald, 2020).

4 Case Study

To demonstrate our library, we conduct a case study
analyzing four popular datasets using each RAG
method implemented in EncouRAGe. The datasets
used are summarized in Table 1 and Appendix A.
Each QA pair has at least one golden document,
enabling comparisons of RAG methods across gen-
eration and retrieval metrics.

4.1 Implementation

Type Manifest. For each dataset, we followed
the following implementation steps. Each sample
was converted to a list of user_prompts, a collec-
tion of typed Document objects, where each doc-
ument corresponds to a single context and has a
unique identifier used for retrieval metrics, and an
associated collection of MetaData objects.

RAG Factory. For the initialization of each
method, it is required to provide the Document
objects, the embedding function identifier from
Hugging Face, a InferenceRunner instance, and
the related prompt template to render the content.
Each method also has optional parameters such as
filter queries for the vector db and batch sizes for
insert the documents or query them. Running each
RAG method requires passing user_prompts, a
system prompt, and a set of retrieval_prompts
for querying the vector db. It is also possible to just

Subset | #QA  QTok. | #Docs Doc Tok.
BioSQA 4,012 13.5 34,634 3,222.8
FinQA 6,237 45.1 2,110 1,080.4
FeTaQA 7,324 20.4 6,929 520.0

HotPotQA 7,395 21.4 7,395 1,421.2
Total ‘ 24,968 25.7 ‘ 51,068 2,506.7

Table 1: Comparison of QA pairs, documents, and av-
erage token lengths across subsets. HotPotQA (Yang
et al., 2018) and FeTaQA (Nan et al., 2022) are based
on Wikipedia articles, while FinQA (Chen et al., 2021)
and BioSQA (Krithara et al., 2023) use PDF documents.
Avg. tokens are computed with Gemma-3 tokenizer.

get the retrieval results for debugging. This modu-
lar design allows swapping prompts, methods, and
runners easily, without modifying the surrounding
evaluation pipeline.

Inference and Vector Store. We initial-
ized a BatchInferenceRunner with standard
SamplingParams (e.g., temperature = 0) and
chose Gemma3 27B (Kamath et al., 2025) as the
generator. For retrieval, we selected ES-Large In-
struct (Wang et al., 2024), which has an embedding
space of 1024 tokens. We used a pydantic model
for providing structured output, having three fields:
reasoning steps (list[str]), list of supporting
facts (1ist[str]) and final answer (str) to make
evaluation more transparent. All experiments were
conducted on NVIDIA H100 GPUs.

Metrics. For retrieval evaluation, metrics such
as MRR@ 10, MAP, and Recall@ 10 are computed
by comparing ranked document lists against the
annotated gold documents. The metrics objects can
be initialized with parameter such as k£ for MRR
or Recall, making them flexible for any use case.
MRR@ ]0 is used for tasks with a single relevant
document, while MAP is used when multiple docu-
ments are required to answer a query. Recall@ 10
complements these metrics by measuring whether
relevant documents appear in the retrieved set, in-
dependent of rank.

For generation evaluation, task-specific metrics
are applied depending on the answer format. Short
textual answers are evaluated using F/, while nu-
merical answers are evaluated using NM (Strich
et al., 2025). Since all predictions are returned
as responses, metrics can be applied consistently
across datasets and RAG methods.



RAG Method | HotPotQA FeTaQA FinQA BioSQA
| F1 MRR R@10 | F1 MRR R@10 | NM MRR R@10 | F1 MAP R@10

+ Pretrained-Only 36.7 - - 29.3 - - 9.6 - - 39.3 - -
+ Oracle Context 434 100 100 49.4 100 100 72.9 100 100 54.5 100 100
+ Vanilla RAG 37.1 68.8 82.5 49.8 87.5 92.7 47.8 45.6 71.9 47.2 42.1 50.1
+ BM25 40.5 29.1 98.4 39.0 18.6 68.5 50.8 45.5 77.2 443 26.7 443
+ Hybrid BM25 408 704 969 | 501 87.6 924 | 518 467 821 | 499 436 557
+ Reranker 36.1 63.4 78.4 49.6 86.9 92.2 50.2 45.5 71.7 44.5 42.1 50.1
+ HyDE 30.2 40.6 61.0 48.4 82.8 89.5 41.7 37.3 61.4 49.2 459 54.7
+ Summarization 31.7 71.0 83.3 40.0 83.9 90.5 459 48.5 74.6 45.0 43.2 51.0
+ SumContext 377 709 833 | 486 840  90.5 | 48.6  48.1 746 | 478 430 504

Table 2: Overall Performance (F1, MRR/MAP, R@10) for Gemma3 with E5-Large on all four datasets. Cells in
Bold indicate the highest value over all RAG methods, and underlined across RAG method categories.

4.2 Main Results

Without RAG Runs. The Pretrained-Only re-
sults for HotPotQA, FeTaQA, and BioSQA are
comparatively high, indicating that these datasets
are likely part of the LLM’s pretraining corpus
(e.g., Wikipedia-based sources). In contrast, FinQA
shows a substantially lower score, suggesting that
its domain-specific financial questions are less rep-
resented in the model’s training data. However,
when provided with Oracle Context, all datasets
achieve higher performance than in the Pretrained-
Only, confirming that the model can effectively rea-
son when supplied with relevant context. Notably,
the Oracle Context results for HotPotQA (Yang
et al., 2018) and FeTaQA (Nan et al., 2022) are
slightly below the original papers, as our setup re-
lies solely on a zero-shot setting.

Base RAG. When incorporating retrieval, Base-
RAG performs close to the Oracle Context on Hot-
PotQA, FeTaQA, and BioSQA, but shows a larger
performance gap on FinQA. Interestingly, the tra-
ditional BM25 retriever performs comparably to
the dense retriever in terms of F1, but exhibits sub-
stantially lower MRR on HotPotQA and BioSQA.
Combining both retrieval methods (Hybrid BM25)
yields the most consistent improvements, achieving
the highest F1 and Recall@10 across all datasets.
Adding a reranker does not yield measurable gains,
as the MRR remains similar to base RAG when the
top-10 retrieved documents are reordered.

Advanced RAG. Among the advanced retrieval
enhancements, HyDE offers modest improvements
only for BioSQA, which are insufficient to justify
its additional computational cost. Summarization-
based retrieval increases MRR and Recall@10 for
all datasets except FeTaQA, but leads to lower F1

scores, likely due to information loss during sum-
marization. The combined approach, SumContext,
which integrates both summarized and original doc-
uments, achieves a balanced trade-off, yielding re-
sults similar to Base-RAG with slightly better re-
trieval performance. However, given its additional
retrieval and generation overhead, its practical ben-
efit remains limited.

Overall, the results demonstrate that hybrid re-
trieval remains the most effective RAG method
across diverse QA domains. In contrast, advanced
generation-based retrieval strategies offer only
small improvements at a higher computational cost.

5 Conclusion

In this paper, we introduce EncouRAGe, a Python
library for evaluating RAG methods locally, re-
liably, and efficiently. EncouRAGe enables re-
searchers to systematically investigate retrieval-
augmented generation techniques on their own
datasets, providing insights into which configura-
tions yield the best results for specific domains.
The library includes over 10 RAG methods, more
than 20 metrics, and supports models from Hug-
ging Face, OpenAl, and Gemini. Furthermore,
users can flexibly choose between Chroma and
Qdrant as the vector store backend.

To demonstrate the capabilities of EncouRAGe,
we conducted experiments on four widely used
datasets, revealing that the optimal RAG method
varies across domains. Overall, our results indicate
that the Hybrid BM25 approach delivers the best
performance among the tested configurations.

With EncouRAGe, we aim to contribute to the
RAG research community by providing a flexible,
extensible evaluation library that enables deeper
analysis and supports research and product devel-
opment for RAG.
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when applying RAG to a dataset.
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A Dataset Overview

For evaluation, we selected four datasets from dif-
ferent domains to demonstrate EncouRAGe’s flexi-
bility in handling diverse datasets.

HotPotQA. The dataset (Yang et al., 2018) con-
tains 7,395 general knowledge question—answer
pairs sourced from Wikipedia, emphasizing multi-
hop reasoning. Each question is linked to a single
gold document, resulting in 7,395 papers in total,
with an average document length of 1,421.2 tokens.
Questions average 21.4 tokens, reflecting concise
query formulation. HotPotQA challenges models
to combine information across multiple articles to
answer a single question accurately. For evaluation,
we employ MRR@ [0 for retrieval and FI-Score
for answer generation, consistent with multi-hop
reasoning tasks.

FetaQA. The dataset (Nan et al., 2022) includes
over 7,300 QA pairs that require complex reason-
ing over tabular data, extracted from Wikipedia
articles. The dataset emphasizes semantic under-
standing and reasoning across multiple table cells.
Each question is accompanied by a textual expla-
nation and a gold-standard answer derived from
structured tables. We use the training split and all
table documents related to these QA pairs, resulting
in a total of 6,929 documents to process. Evalua-
tion employs MRR@ 10, Recall@ 10, and FI-Score
to measure both retrieval effectiveness and answer
quality.

FinQA. We use a variant from FinQA that is
focused on retrieval from 72-RAGBench (Strich
et al., 2025). The dataset comprises approximately
6,200 finance-related question—answer pairs de-
rived from company reports and other financial
documents. Each question is associated with a sin-
gle financial document containing a combination
of text and tables. On average, there are roughly
three QA pairs per document, resulting in a total
of 2,110 documents for retrieval. We used a mod-
ified version of the training split, reformulating
questions to make them more suitable for RAG.
For reasons of anonymity, the original paper is not
cited in this submission. For evaluation, we employ
MRR@ 10, Recall@ 10, and Number Match (NM), a
metric specifically designed to compare numerical
values, like Exact Match, up to the second decimal
place.

BioASQ. The dataset (Krithara et al., 2023)
contains approximately 4,000 biomedical ques-
tion—answer pairs derived from scientific literature
in the life sciences. It is designed to evaluate fac-
tual biomedical question answering in combination
with semantic retrieval. The dataset is updated
annually, and the version used in our evaluation
is BioASQ11. Each QA pair includes multiple
reference documents, over 34k in total, making it
particularly challenging for the retriever to locate
the relevant information. Questions are grouped
into four types: list, yes/no, factoid, and summary,
each requiring different response formats. For eval-
uation, we use MAP and Recall@ [0 for retrieval,
and F1-Score for generation.



B Metrics Overview

Metric Description

Generator Metrics

Exact Match Checks whether the generated text exactly matches the reference answer without any
differences in wording or formatting.

Number Match (Anonym) Verifies whether numeric values in the generated text are approximately equal to the

BLEU (Papineni et al., 2002)

ROUGE (Lin, 2004)

GLEU (Mutton et al., 2007)

Precision
(Sokolova and Lapalme, 2009)

Recall
(Sokolova and Lapalme, 2009)

F1 (Sokolova and Lapalme, 2009)

reference values within a small tolerance.

Measures the overlap of n-grams between generated and reference text, emphasizing
precision of matching word sequences.

Measures overlap of n-grams and longer sequences, often used to evaluate recall of
important content.

Variant of BLEU that balances recall and precision, providing a more symmetric
similarity measure.

Fraction of generated tokens that are correct compared to the reference text.

Fraction of reference tokens that are successfully generated by the model.

Harmonic mean of precision and recall, balancing correctness and completeness.

Retrieval Metrics

Mean Reciprocal Rank (MRR)
(Voorhees, 1993)

Mean Average Precision (MAP)
(Voorhees, 1993)

nDCG

(Jarvelin and Kekéldinen, 2002)
Recall@k

(Robertson and Zaragoza, 2009)

HitRate @k
(Lietal., 2019)

Evaluates how highly the first relevant document is ranked by averaging reciprocal
ranks over multiple queries.

Computes the mean of average precision values across queries, reflecting ranking quality
over all relevant documents.

Measures ranking quality by assigning higher importance to relevant documents appear-
ing at top positions.

Measures the proportion of relevant documents retrieved within the top-k ranked results.

Indicates whether at least one relevant document appears within the top-k retrieved
results.

LLM-Based Metrics

Answer Relevance
(Es et al., 2024b)

Answer Faithfulness
(Es et al., 2024b)

Non-Answer Critic
(Es et al., 2024b)

Answer Similarity
(Es et al., 2024b)

Context Recall
(Es et al., 2024b)

Context Precision
(Es et al., 2024b)

Evaluates whether the generated answer is relevant and directly addresses the given
query.

Measures whether the generated answer is factually consistent with the provided context.

Detects responses that fail to answer the query or contain only irrelevant information.

Measures semantic similarity between the generated answer and a reference answer or
alternative outputs.

Evaluates whether the retrieved context contains the information required to produce
the answer.

Measures how much of the retrieved context is actually relevant for answering the query.

Table 3: Overview of the most used RAG evaluation metrics that we implemented in EncouRAGe.
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