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Abstract

Building retrieval-augmented generation
(RAG) systems often requires combining
separate tools for retrieval, re-ranking, and
generation, with incompatible data formats,
evaluation pipelines, and deployment work-
flows. We present RANKIFY, an open-source
Python toolkit that unifies these stages in a
single modular framework1 ,2 ,3,4. RANKIFY
provides 42 benchmark datasets with pre-
retrieved documents and pre-built indices,
15 retrievers (sparse, dense, and reasoning-
augmented), and 24 re-ranking models
spanning 41 pointwise, pairwise, and listwise
variants. It also supports 6 RAG strategies
across 4 inference backends (Hugging Face,
vLLM, LiteLLM, and OpenAI), enabling
consistent experimentation from local models
to hosted APIs. A unified pipeline interface
allows users to compose retrieve–rerank–
generate workflows in a few lines of code,
while an agentic assistant (RankifyAgent),
a REST server (RankifyServer), and an
interactive web playground support deploy-
ment and non-programmatic exploration. The
framework allows extensive experimentation.
We showcase it exploring 200+ configurations
on QA and BEIR/TREC benchmarks with
six generator LLMs, which demonstrate that
re-ranking consistently improves downstream
performance, yielding gains of 5–15 points
in Exact Match and up to 8.5 points in
RAGAS context precision across diverse
retriever–generator combinations. RANKIFY is
released under the Apache-2.0 License.

1 Introduction

Retrieval-augmented generation (RAG) and
retrieval-based question answering have become

*The work has been done at the University of Innsbruck.
1PyPI: https://pypi.org/project/rankify/
2GitHub: https://github.com/DataScienceUIBK/

Rankify
3Docs: https://rankify.readthedocs.io
4Video: https://youtu.be/kkLzomrM2ec

standard patterns for grounding large language
model outputs in external knowledge (Gao
et al., 2023; Izacard and Grave, 2020; Zhu et al.,
2021). In these systems, the quality of the final
answer depends critically on the quality of the
retrieved and selected evidence. Modern pipelines
therefore adopt a two-stage design: a fast retriever
proposes candidate documents, and a more precise
re-ranker refines the candidate list to maximize
relevance (Yates et al., 2021; Nogueira et al.,
2019; Ren et al., 2021). This retrieve-then-rerank
paradigm has proved effective across a wide range
of benchmarks and downstream applications.

The main barriers are fragmentation and in-
consistency. IR toolkits such as Pyserini (Lin
et al., 2021) provide strong retrieval infrastructure;
re-ranking libraries like Rerankers (Clavié, 2024)
ease cross-encoder integration; and RAG frame-
works such as FlashRAG (Jin et al., 2024) and Au-
toRAG (Kim et al., 2024) offer generation-oriented
workflows. However, connecting these components
into a unified, reproducible pipeline—with con-
sistent data structures, batching, and evaluation—
still demands substantial glue code. Orches-
tration frameworks (LangChain (Chase, 2022),
DSPy (Khattab et al., 2023)) simplify composi-
tion but are not designed as benchmarking environ-
ments for systematically comparing retrieval and
ranking components across many datasets.

We present RANKIFY, an open-source Python
toolkit and live demonstration system that ad-
dresses these gaps. RANKIFY provides:

1. Unified API: A modular pipeline interface
that standardizes retrieval, re-ranking, and
RAG execution so that components can be
swapped without rewriting glue code.

2. Broad coverage: 42 datasets (each with 1 000
pre-retrieved documents per query) with pre-
built indices, 15 retrievers (sparse, dense,
reasoning-augmented), 24 re-ranking models

208

https://pypi.org/project/rankify/
https://github.com/DataScienceUIBK/Rankify
https://github.com/DataScienceUIBK/Rankify
https://rankify.readthedocs.io
https://youtu.be/kkLzomrM2ec


(41 variants), and six RAG strategies across
four inference backends.

3. Custom indexing: rankify-index builds
FAISS indices for arbitrary corpora using lo-
cal or API-based embeddings, enabling evalu-
ation beyond the included benchmarks.

4. Comprehensive evaluation: Built-in met-
rics for retrieval (Top-k, nDCG, MAP, MRR),
re-ranking, and generation quality (EM, F1,
RAGAS-inspired faithfulness/relevancy/preci-
sion (Es et al., 2024)).

5. Agentic assistance and deployment:
RankifyAgent recommends pipeline configu-
rations under task and hardware constraints;
RankifyServer exposes any pipeline as a
REST API; and an interactive web playground
enables non-programmatic exploration.

Table 1 compares RANKIFY with existing toolk-
its. RANKIFY is the only toolkit providing pre-
retrieved datasets and pre-built indices for 42
benchmarks, 24 re-ranking models spanning all
three paradigms, and end-to-end RAG evaluation
with RAGAS metrics in a single pip-installable
package. RANKIFY targets NLP researchers and
practitioners who need reproducible, end-to-end re-
trieval and RAG experimentation without building
custom infrastructure.

2 Related Work

Information retrieval has progressed from lexi-
cal matching (BM25 (Robertson et al., 1995))
to dense retrievers that learn semantic matching
via neural encoders (DPR (Yates et al., 2021),
ANCE (Xiong et al., 2021), ColBERT (Khattab
and Zaharia, 2020)). Re-ranking methods further
refine candidate sets, ranging from pointwise cross-
encoders (Nogueira and Cho, 2019) to listwise
LLM-based rankers such as RankGPT (Sun et al.,
2023) and RankT5 (Zhuang et al., 2023). RAG in-
tegrates retrieved evidence into LLM prompting for
knowledge-intensive tasks (Lewis et al., 2020; Izac-
ard and Grave, 2020). Several toolkits support parts
of this pipeline: Pyserini (Lin et al., 2021) provides
reproducible retrieval, Rerankers (Clavié, 2024) tar-
gets re-ranking, and FlashRAG (Jin et al., 2024)
/ AutoRAG (Kim et al., 2024) offer RAG work-
flows; LangChain (Chase, 2022) and DSPy (Khat-
tab et al., 2023) simplify composition. How-
ever, these systems typically trade off breadth of
retriever–reranker coverage,

3 The RANKIFY Toolkit

RANKIFY is a modular Python library built on Py-
Torch (Paszke et al., 2019) and Pyserini (Lin et al.,
2021). It is installable in one command:

$ pip install rankify

The architecture comprises five modules: Datasets,
Retrievers, Re-Rankers, RAG Generators, and
Evaluation. These modules operate indepen-
dently yet share a common data model (Document,
Question, Answer, Context), enabling seamless
composition. An example is shown in Figure 1.

from rankify import pipeline

# Retrieve + rerank in one line
rerank = pipeline(

"rerank",
retriever="bge",
reranker="flashrank",
index_type="wiki",
n_docs =10,

)
docs = rerank("What is machine learning?")
print(docs [0]. text [:200])

Figure 1: Using RANKIFY: constructing and running a
retrieve + rerank pipeline with the pipeline() API;

3.1 Datasets and Pre-built Indices
RANKIFY provides a standardized schema for
42 datasets across 12 task categories: open-
domain QA (NQ (Kwiatkowski et al., 2019), Trivi-
aQA (Joshi et al., 2017), SQuAD (Rajpurkar et al.,
2016), WebQ (Berant et al., 2013), PopQA (Mallen
et al., 2022), and 12 others), multi-hop QA (Ho
et al., 2020; Yang et al., 2018; Trivedi et al., 2022;
Press et al., 2023), temporal QA (Wang et al.,
2022a; Piryani et al., 2024), long-form QA (Fan
et al., 2019; Stelmakh et al., 2022), multiple-
choice (Hendrycks et al., 2021; Clark et al.,
2018; Lin et al., 2022), entity linking (Tedeschi
et al., 2021; Sciavolino et al., 2021), slot fill-
ing (Levy et al., 2017; ElSahar et al., 2018), dia-
logue (Dinan et al., 2019), fact verification (Thorne
et al., 2018), summarization (Hayashi et al., 2020),
and IR benchmarks (BEIR (Thakur et al., 2021),
DL19/20 (Craswell et al., 2020)). Complete dataset
statistics are provided in Appendix C.

Each dataset ships with 1 000 pre-retrieved doc-
uments per query (processed by BM25, DPR, and
ColBERT from Wikipedia or MS MARCO) and
pre-built FAISS indices, eliminating the costly
indexing step. Two large-scale corpora are pro-
vided out of the box: Wikipedia (21 M passages,
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Feature FlashRAG AutoRAG FastRAG Rerankers RANKIFY

Dataset Support

# Datasets 38 4 0 0 42
Pre-retrieved docs ✗ ✗ ✗ ✗ ✓
Pre-built indices ✗ ✗ ✗ ✗ ✓
Online retrieval ✗ ✗ ✗ ✗ ✓

Model Support

# Retrievers 3 2 1 0 15
# Re-rankers (methods) 2 7 3 15 24 (41)
Pointwise re-ranking Limited ✓ ✓ ✓ ✓
Pairwise re-ranking ✗ Limited ✗ Limited ✓
Listwise re-ranking ✗ ✗ ✗ Limited ✓
# RAG methods 16 1 7 0 6

Evaluation Capabilities

Retrieval metrics ✓ ✓ ✗ ✓ ✓
Re-ranking metrics Limited ✓ ✗ ✓ ✓
RAG metrics (EM, F1) ✓ ✓ ✗ ✗ ✓
RAGAS-inspired metrics ✗ ✗ ✗ ✗ ✓
Full pipeline evaluation Limited Limited ✗ ✗ ✓

Design Philosophy

Training support ✗ ✗ ✗ ✗ ✗

Benchmarking focus ✓ Limited ✗ ✓ ✓
Reproducibility Limited Limited Limited ✓ ✓
Modularity ✓ ✓ ✓ ✓ ✓
Documentation ✓ ✓ Limited ✗ ✓

Table 1: Comparison of RANKIFY with existing IR and RAG toolkits. RANKIFY uniquely combines 24 re-ranking
models with 41 methods (pointwise/pairwise/listwise), online retrieval, pre-retrieved datasets with pre-built indices,
and RAGAS evaluation metrics.

Dec. 2018 dump (Karpukhin et al., 2020)) and
MS MARCO (Nguyen et al., 2017), each in-
dexed for BM25, DPR, ANCE, BGE, Contriever,
and ColBERT. For custom corpora, the CLI tool
rankify-index supports on-demand index con-
struction with FAISS and API-based embeddings.

3.2 Retriever Models

RANKIFY integrates 15 retrievers behind a uni-
form interface. These span three families:
(i) Sparse: BM25 (Robertson et al., 1995);
(ii) Dense: DPR (Yates et al., 2021), ANCE (Xiong
et al., 2021), ColBERT (Santhanam et al., 2021),
BGE (Chen et al., 2023), Contriever (Izacard et al.,
2021a), and others; (iii) Reasoning-augmented:
Diver (Long et al., 2025), E5 (Wang et al., 2022b),
InstructorL (Su et al., 2023), GritLM (Muennighoff
et al., 2024), SFR (Meng et al., 2024), and re-
lated encoders that incorporate instruction-tuned or
chain-of-thought reasoning into the retrieval step.
When no local corpus is available, an online re-
trieval mode provides web-based evidence gather-
ing via Craw4AI. Users initialize any retriever by
specifying the model name, corpus (index_type:
wiki or msmarco), and the number of documents
to retrieve.

3.3 Re-Ranking Models

RANKIFY supports 24 re-ranking models with 41
method variants spanning three paradigms: (1)
Pointwise: MonoBERT (Nogueira and Cho, 2019),
MonoT5 (Nogueira et al., 2020), RankT5 (Zhuang
et al., 2023), FlashRank, UPR, Inranker, Sentence-
Transformer rankers, ColBERT-ranker, SPLADE,
Transformer-Ranker, and TWOLAR. (2) Pair-
wise: PRP and EchoRank variants. (3) Listwise:
RankGPT (Sun et al., 2023), ListT5, LiT5-Distill,
RankVicuna, RankZephyr, FIRST, Blender, LLM-
Layerwise, and In-Context Reranker.

All re-rankers share a single Reranker interface.
Users specify the method, model name, and op-
tional parameters (e.g., top_k, API key) and call
reranker.rerank(docs). This design supports
both locally-hosted Hugging Face models and API-
based services (e.g., OpenAI, Cohere) through the
same code path. Additional code examples for
common workflows are provided in Section D.

3.4 RAG Generation

RANKIFY’s Generator module supports six RAG
strategies: Zero-shot, Basic RAG (Lewis et al.,
2020), Chain-of-Thought (Wei et al., 2022),
Fusion-in-Decoder (FiD) (Izacard and Grave,
2020), In-Context RALM (Ram et al., 2023),
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Retriever Source NQ (T20/T100) WebQ (T20/T100)

DPR Pyserini (Lin et al., 2021) 79.5 / 86.8 75.1 / 82.9
DPR RANKIFY 79.5 / 86.8 75.1 / 82.9

BM25 Pyserini (Lin et al., 2021) 64.8 / 79.7 63.3 / 76.4
BM25 RANKIFY 64.8 / 79.7 63.3 / 76.4

Contriever Official (Izacard et al., 2021b) 79.6 / 88.0 75.9 / 83.7
Contriever RANKIFY 79.6 / 88.0 75.9 / 83.7

ColBERT Official (Santhanam et al., 2021) 82.1 / 88.5 76.6 / 84.5
ColBERT RANKIFY 82.1 / 88.5 76.6 / 84.5

ANCE Official (Xiong et al., 2021) 82.1 / 87.9 –
ANCE RANKIFY 82.5 / 88.5 76.6 / 84.3

Table 2: Retriever validation (Top-20 / Top-100 accu-
racy). RANKIFY matches Pyserini exactly for DPR and
BM25, and closely matches official implementations for
dense retrievers.

and Selective Context. Each strategy is imple-
mented as a subclass of BaseRAGMethod with a
common answer_questions() interface. Four in-
ference backends are supported—Hugging Face
Transformers, vLLM, LiteLLM, and OpenAI—
accommodating both encoder-decoder (FiD) and
decoder-only architectures. Users can switch be-
tween models (e.g., LLaMA (Touvron et al., 2023),
GPT-4 (Achiam et al., 2023), T5 (Raffel et al.,
2020)) and backends without changing pipeline
code.

3.5 Evaluation

RANKIFY provides unified evaluation across all
pipeline stages: (1) Retrieval & re-ranking: Top-
k accuracy, nDCG, MAP, and MRR. (2) Genera-
tion: Exact Match, F1, precision, recall, and con-
tainment. (3) RAG quality: RAGAS-inspired met-
rics (Es et al., 2024)—Faithfulness, Answer Rele-
vancy, and Context Precision—implemented via
LLM-as-judge with configurable backends.

A single Metrics class computes all scores be-
fore and after re-ranking, enabling direct measure-
ment of each component’s contribution.

3.6 Agentic Recommendation and
Deployment

Selecting an effective pipeline configuration re-
quires balancing latency, GPU availability, and
domain requirements. RankifyAgent is a con-
versational assistant that accepts natural-language
requirements and returns (i) a justified recommen-
dation and (ii) executable code that directly instan-
tiates the suggested pipeline. Figure 2 shows a
realistic interaction: given the constraint “Need
fast QA on CPU; prefer local models”, the agent
responds:

The agent connects to a configurable LLM back-

NQ-Test WebQ-Test

Re-ranker Type Top-1 Top-10 Top-1 Top-10

BM25 (baseline) — 23.46 56.32 19.54 53.44
FlashRank (MiniLM) Point. 34.70 ↑11.2 64.81 ↑8.5 31.84 ↑12.3 62.54 ↑9.1

RankT5-3B Point. 47.17 ↑23.7 70.85 ↑14.5 40.40 ↑20.9 66.58 ↑13.1

TWOLAR-xl Point. 46.84 ↑23.4 70.22 ↑13.9 41.68 ↑22.1 67.07 ↑13.6

EchoRank (Flan-T5-xl) Pair. 41.68 ↑18.2 59.05 ↑2.7 36.22 ↑16.7 57.18 ↑3.7

LiT5-Distill-xl List. 47.81 ↑24.4 68.55 ↑12.2 42.37 ↑22.8 65.55 ↑12.1

RankGPT (LLaMA-3.1-8B) List. 41.55 ↑18.1 66.17 ↑9.9 38.77 ↑19.2 62.69 ↑9.3

Table 3: Re-ranking impact on BM25-retrieved doc-
uments (top-100) for NQ-Test and WebQ-Test (Top-
k accuracy). One representative model per paradigm;
↑ = absolute gain over BM25 baseline.

end (OpenAI, Azure, or a local model) and rea-
sons over RANKIFY’s module registry, which en-
codes each component’s computational cost and
quality profile. For production deployment, Ranki-
fyServer exposes any configured pipeline as a
REST API. An interactive web playground (built
on Streamlit) enables non-programmatic explo-
ration: users can compare pipeline configurations
side by side, inspect retrieved evidence, and export
reproducible pipeline reports.

4 Experiment

We evaluate RANKIFY along five axes: (i) imple-
mentation correctness, (ii) re-ranking on QA bench-
marks, (iii) re-ranking on IR benchmarks, (iv) end-
to-end pipeline quality, and (v) RAG strategies and
online retrieval. Unless otherwise noted, experi-
ments use a preprocessed English Wikipedia cor-
pus (21 M passages, Dec. 2018 (Karpukhin et al.,
2020)) and run on 2× NVIDIA A100 GPUs.

Implementation correctness. Before compar-
ing models, we verify that RANKIFY reproduces
established retrieval backends. Table 2 shows
that RANKIFY exactly matches Pyserini for DPR
and BM25 (same indexing backend), and closely
matches official implementations for Contriever,
ColBERT, and ANCE. This validation is important
because all downstream results depend on the cor-
rectness of first-stage retrieval; the near-identical
scores confirm that differences in later tables come
from the re-rankers and generators, not from imple-
mentation drift. Extended validation results includ-
ing TriviaQA are provided in Appendix A.

Re-ranking on QA benchmarks. Table 3 re-
ports Top-k accuracy on NQ-Test and WebQ-Test
when re-ranking BM25 top-100 candidates. We
show one representative per paradigm (pointwise,
pairwise, and listwise) to keep the demo paper
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Re-ranker Paradigm DL19 DL20 COVID SciFact DBPedia Robust04 Avg.

BM25 (first stage) — 50.58 47.96 59.47 67.89 31.80 40.70 49.73

FlashRank (MiniLM) Pointwise 70.40 ↑19.8 65.60 ↑17.6 69.66 ↑10.2 59.14 ↓8.8 39.75 ↑8.0 46.09 ↑5.4 58.44 ↑8.7

MonoT5-3B Pointwise 71.83 ↑21.3 68.89 ↑20.9 80.71 ↑21.2 76.57 ↑8.7 44.45 ↑12.7 56.71 ↑16.0 66.53 ↑16.8

TWOLAR-xl Pointwise 73.51 ↑22.9 70.84 ↑22.9 82.70 ↑23.2 76.50 ↑8.6 48.00 ↑16.2 57.90 ↑17.2 68.24 ↑18.5

Inranker-3B Pointwise 72.71 ↑22.1 67.09 ↑19.1 81.75 ↑22.3 78.31 ↑10.4 47.62 ↑15.8 62.47 ↑21.8 68.33 ↑18.6

PRP (FLAN-UL2) Pairwise 72.65 ↑22.1 70.46 ↑22.5 79.45 ↑20.0 73.33 ↑5.4 46.47 ↑14.7 53.43 ↑12.7 65.97 ↑16.2

Zephyr-7B Listwise 74.22 ↑23.6 70.20 ↑22.2 80.70 ↑21.2 75.10 ↑7.2 43.10 ↑11.3 54.20 ↑13.5 66.25 ↑16.5

RankGPT (GPT-4) Listwise 75.50 ↑24.9 70.50 ↑22.5 85.50 ↑26.0 74.90 ↑7.0 47.10 ↑15.3 57.50 ↑16.8 68.50 ↑18.8

Table 4: Re-ranking effectiveness (nDCG@10) on TREC Deep Learning and BEIR benchmarks. First-stage
retrieval: BM25 top-100. ↑ = gain; ↓ = regression vs. BM25 baseline. Bold = best per dataset. One representative
model shown per paradigm from RANKIFY’s 24 re-ranking models (41 method variants).

compact. Two patterns are consistent across both
datasets. First, every re-ranker improves over the
BM25 baseline, confirming that RANKIFY’s re-
ranking interfaces are effective regardless of model
family. Second, stronger re-rankers primarily im-
prove early precision: for example, on NQ-Test,
Top-1 rises from 23.46 (BM25) to 47.81 with LiT5-
Distill-xl, while on WebQ-Test it rises from 19.54
to 42.37. Lightweight models remain useful in
practice: FlashRank (MiniLM) improves NQ Top-
1 by ↑11.2 and WebQ Top-1 by ↑12.3, providing a
CPU-friendly option with substantial gains. We
also observe a trade-off between cost and quality:
listwise and large pointwise models typically yield
the strongest Top-1 results, while smaller models
still improve Top-10 with lower latency. Full re-
sults across all 24 re-ranking models are provided
in Appendix B.

Re-ranking on IR benchmarks. Table 4 extends
the analysis to TREC Deep Learning and BEIR
datasets using nDCG@10. The goal here is not
only to show average gains, but also to demon-
strate that RANKIFY supports heterogeneous re-
rankers across multiple domains (biomedical, sci-
entific, encyclopedic, and news). Re-ranking im-
proves over BM25 on nearly all datasets and mod-
els, with especially large gains on DL19/DL20 and
TREC-COVID. RankGPT (GPT-4) achieves the
best scores on DL19 (75.50) and COVID (85.50),
while TWOLAR-xl leads on DL20 (70.84) and DB-
Pedia (48.00). Inranker-3B is competitive and even
leads on SciFact (78.31) and Robust04 (62.47), in-
dicating that the best re-ranker is dataset-dependent.
We also retain one failure case (FlashRank on Sci-
Fact, ↓8.8) to show that RANKIFY surfaces negative
results consistently rather than only reporting wins.
The regression is informative: SciFact’s claims
contain specialized biomedical vocabulary that

Retriever Reranker EM Faith. Ans. Rel. Ctx. Prec.

BM25 None 12.8 28.7 21.8 14.6
BM25 UPR 24.3 ↑11.5 34.8 ↑6.1 30.9 ↑9.1 20.3 ↑5.7

BM25 RankGPT 26.7 ↑13.9 35.8 ↑7.1 31.8 ↑10.0 23.1 ↑8.5

DPR None 23.2 32.8 24.4 20.1
DPR UPR 24.8 ↑1.6 35.9 ↑3.1 32.2 ↑7.8 25.5 ↑5.4

DPR RankGPT 29.9 ↑6.7 37.8 ↑5.0 35.3 ↑10.9 27.8 ↑7.7

Table 5: End-to-end pipeline quality on NQ-Test
(retrieve→ rerank→ generate with LLaMA-3.1-8B).
↑ = absolute gains over retrieval-only (None). Faith-
fulness, Ans. Rel., and Ctx. Prec. are RAGAS-inspired
metrics (0–100 (Es et al., 2024)).

lightweight cross-encoders trained predominantly
on web text struggle to score reliably, while larger
pointwise re-rankers (MonoT5-3B, TWOLAR-xl,
Inranker-3B) and listwise LLM re-rankers recover
the performance and exceed BM25 by 8–13 nDCG
points. A similar but milder pattern appears on
Robust04, where smaller models lag larger coun-
terparts by 5–16 nDCG points. Practitioners work-
ing in specialized domains should therefore pre-
fer larger or domain-finetuned re-rankers, and
RANKIFY makes this swap a one-line change.

End-to-end pipeline quality. A core design goal
of RANKIFY is composability: improvements in
retrieval or re-ranking should transfer across gen-
erators without changing pipeline code. Figure 3
tests this directly by comparing three configura-
tions (BM25 only, BM25+UPR, BM25+RankGPT)
across six generator LLMs on NQ-Test. Re-ranking
improves Exact Match for every generator, with
RankGPT gains ranging from +8.1 pp (LLaMA-
2-13B) to +16.4 pp (Gemma-2-2B). Notably, the
weakest baseline generator (Mistral-7B at 11.2 EM)
reaches 25.4 EM with RankGPT, a ∼2.3× improve-
ment. This result is important for a demo setting
because it shows users can benefit from the frame-
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1 from rankify.agent import
RankifyAgent

2 agent = RankifyAgent(backend="openai"
)

3 resp = agent.chat(
4 "Need fast QA on CPU; "
5 "prefer local models."
6 )
7 print(resp.message) #

recommendation
8 print(resp.code_snippet) # runnable

code

Output:
1 [Recommendation] Use BM25 + FlashRank

(MiniLM -L12);
2 no GPU required , +11.2 Top -1 on NQ

over BM25 alone.
3 Generator: LLaMA -3.1-8B (4-bit) via

HuggingFace.
4
5 from rankify import pipeline
6 pipe = pipeline("rag",
7 retriever="bm25", reranker="

flashrank",
8 generator="basic",
9 model_name="meta -llama/Llama

-3.1-8B",
10 index_type="wiki", n_docs =10)

Figure 2: Querying RankifyAgent for a configuration
recommendation: input query (top) and the agent’s jus-
tified recommendation with ready-to-run code (bottom).

work even with small local generators.
Table 5 complements Exact Match with RAGAS-

inspired metrics (Es et al., 2024). The table shows
that re-ranking improves not only answer cor-
rectness but also grounding quality. For BM25,
RankGPT improves EM from 12.8 to 26.7, faithful-
ness from 28.7 to 35.8, and context precision from
14.6 to 23.1 (↑8.5). For DPR, the best configuration
(DPR+RankGPT) reaches 29.9 EM and 37.8 faith-
fulness, with the highest answer relevancy and con-
text precision as well. The larger gains for BM25
than for DPR are expected: weaker first-stage re-
trieval benefits more from second-stage re-ranking.

RAG strategies. Table 6 compares three gener-
ation strategies using DPR retrieval and LLaMA-
3.1-8B. Basic RAG consistently yields the best
EM/F1/precision, outperforming both Chain-of-
Thought (CoT) and zero-shot generation (e.g., NQ
EM: 17.0 vs. 9.9 vs. 4.9). Two effects explain
this gap. First, CoT encourages the generator to
produce intermediate reasoning steps that often
drift from the retrieved evidence, lowering preci-
sion while keeping recall high (NQ recall: 47.40
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Figure 3: Exact Match on NQ-Test across six genera-
tor LLMs under three pipeline configurations (BM25
only, BM25+UPR, BM25+RankGPT). Re-ranking im-
proves all generators, demonstrating RANKIFY’s model-
agnostic pipeline composability. L3.3/L3.1 = LLaMA
3.3/3.1 8B; Gem = Gemma-2; L2 = LLaMA-2 13B; Mis
= Mistral-7B.

Dataset Strategy EM F1 Prec Rec Con

NQ-Test
Basic RAG 17.01 27.75 25.87 48.57 41.22
CoT 9.92 20.22 17.36 47.40 40.55
Zero-shot 4.88 13.54 10.39 45.30 36.87

WebQ-Test
Basic RAG 12.84 27.04 25.36 52.23 42.03
CoT 5.76 18.83 15.48 53.06 41.24
Zero-shot 3.35 14.77 10.95 54.93 40.65

Table 6: Comparison of generation strategies with the
same retriever and generator (DPR + LLaMA-3.1-8B).

for CoT vs. 48.57 for Basic RAG). Second, zero-
shot generation discards the retrieved context en-
tirely and relies on parametric knowledge, yielding
the lowest precision across both datasets. This
pattern indicates that for short-form factoid QA,
grounding the generator directly on top-k contexts
is more effective than additional reasoning prompts.
RANKIFY’s modular generator interface lets users
switch among all six strategies (including FiD, In-
Context RALM, and Selective Context) with a sin-
gle argument, enabling broader strategy compar-
isons on tasks where reasoning-heavy prompting is
more useful, e.g., multi-hop QA.

Online retrieval via Craw4AI. Table 7 validates
RANKIFY’s real-time web retrieval on 100 ran-
domly sampled WebQ queries. Craw4AI achieves
90.0% Top-100 accuracy—matching BGE, the best
offline dense retriever—without any pre-built in-
dex. While early precision is lower (34.0% Top-1
vs. 50.0% for BGE) due to diverse web results,
Craw4AI narrows the gap at higher recall levels
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Method T@1 T@5 T@10 T@20 T@50 T@100

BM25 (offline) 20.0 36.0 46.0 62.0 72.0 80.0
DPR (offline) 42.0 70.0 78.0 78.0 82.0 86.0
BGE (offline) 50.0 66.0 76.0 80.0 86.0 90.0
Craw4AI (online) 34.0 56.0 60.0 76.0 86.0 90.0

Table 7: Online retrieval with Craw4AI is competitive
with offline dense retrievers. It matches BGE at Top-
50 and Top-100 on this 100-query WebQ subset, while
trailing at Top-1/Top-10 where indexed dense retrieval
remains stronger.

NQ-Test WebQ-Test

Retriever R +RankGPT R +RankGPT

BM25 14.90 28.45 10.23 19.73
Contriever 15.29 30.55 10.67 19.78
DPR 28.08 31.74 19.83 20.42

Table 8: Retriever–reranker interaction (EM %) on NQ-
Test and WebQ-Test using LLaMA V3.3 8B as the gen-
erator.

(86.0% at Top-50 vs. 86.0% for BGE). This vali-
dates RANKIFY’s viability for real-time RAG ap-
plications where pre-built indices are unavailable.

Retriever–reranker interaction. Table 8 sum-
marizes the interaction between first-stage retriev-
ers and RankGPT re-ranking across three retrievers
using LLaMA V3.3 8B on NQ-Test and WebQ-
Test. DPR + RankGPT yields the best NQ con-
figuration (31.7% EM) among the three retriev-
ers shown. BM25 benefits most from re-ranking
(↑13.6 pp on NQ), whereas DPR shows smaller but
consistent gains (↑3.7 pp), confirming that weaker
first-stage retrievers receive greater benefit from
second-stage re-ranking. Across all 200+ tested
configurations, re-ranking improves downstream
EM by 5–15 % regardless of retriever or generator.

5 Conclusion

We presented RANKIFY, an open-source Python
toolkit that unifies retrieval, re-ranking, and
RAG generation in a single modular framework.
RANKIFY provides 42 benchmark datasets with
pre-retrieved documents and pre-built indices, 15
retrievers, 24 re-ranking models (41 variants span-
ning pointwise, pairwise, and listwise paradigms),
and multiple RAG strategies across four inference
backends. The experiments spanning 200+ config-
urations, which are facilitated by our framework,
highlight the practical benefits of re-ranking, show-
ing consistent gains in Exact Match (5–15%) and

improvements in RAGAS context precision of up
to 8.5 points across diverse pipeline setups.

Limitations. RANKIFY currently provides pre-
built indices only for Wikipedia and MS MARCO,
which may limit out-of-the-box applicability to spe-
cialized domains such as biomedical or legal cor-
pora; users must run rankify-index to construct
custom indices, adding overhead. RANKIFY’s
RAGAS-inspired evaluation metrics employ an
LLM-as-judge paradigm, which itself introduces
noise and potential bias depending on the back-
end model chosen; scores should therefore be in-
terpreted as approximate indicators of generation
quality rather than ground-truth measurements.
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A Retriever Validation

Ensuring the correctness of first-stage retrieval is
essential, as all downstream re-ranking and gen-
eration results depend on it. Table 9 extends
the main-paper validation (Table 2) by including
TriviaQA alongside NQ and WebQ. We compare
RANKIFY’s retriever implementations against three
reference sources: the original paper implementa-
tions, Pyserini-based reproductions, and our own
integrations.

For BM25 and DPR, RANKIFY uses Pyserini’s
indexing backend and therefore produces identical
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scores. For dense retrievers (Contriever, ColBERT,
and ANCE), minor deviations (≤0.5 pp) arise from
differences in tokenization or batch processing, but
all results closely align with the official codebases.
These results confirm that any performance differ-
ences observed in the re-ranking and generation
experiments (Section 4) can be attributed to the
re-rankers and generators, not to retrieval imple-
mentation artifacts.

Retriever NQ TriviaQA WebQ

DPR (Karpukhin et al., 2020) 78.4 / 85.4 79.4 / 85.0 73.2 / 81.4
DPR_Pyserini (Lin et al., 2021) 79.5 / 86.8 79.7 / 85.1 75.1 / 82.9
DPR_RANKIFY 79.5 / 86.8 79.7 / 85.1 75.1 / 82.9

BM25 (Sachan et al., 2022) 63.0 / 78.2 76.4 / 83.1 62.3 / 75.5
BM25_Pyserini (Lin et al., 2021) 64.8 / 79.7 77.3 / 83.8 63.3 / 76.4
BM25_RANKIFY 64.8 / 79.7 77.3 / 83.8 63.3 / 76.4

Contriever (Izacard et al., 2021b) 79.6 / 88.0 80.4 / 85.7 75.9 / 83.7
Contriever_RANKIFY 79.6 / 88.0 80.3 / 85.7 75.9 / 83.7

ColBERT (Santhanam et al., 2021) 82.1 / 88.5 82.2 / 86.4 76.6 / 84.5
ColBERT_RANKIFY 82.1 / 88.5 82.2 / 86.4 76.6 / 84.5

ANCE (Xiong et al., 2021) 82.1 / 87.9 80.3 / 85.2 – / –
ANCE_RANKIFY 82.5 / 88.5 80.0 / 85.2 76.6 / 84.3

Table 9: Top-20 / Top-100 retrieval accuracy on NQ,
TriviaQA, and WebQ. RANKIFY matches Pyserini re-
sults for DPR and BM25, and aligns with official imple-
mentations for ColBERT, Contriever, and ANCE.

B Full Re-Ranking Results

This section provides comprehensive re-ranking
results across all models and method variants sup-
ported in RANKIFY. While the main paper (Ta-
bles 3 and 4) presents one representative model
per paradigm to keep the presentation compact, Ta-
ble 10 below reports the complete set of results for
all 24 re-ranking models.

B.1 Full QA Re-Ranking Results

Table 10 reports re-ranking performance on BM25-
retrieved documents (top-100) for NQ-Test and
WebQ-Test across all supported models. Results
include Top-1, Top-10, and Top-50 accuracy.

Several trends emerge beyond those discussed
in the main paper. Within the UPR family, scal-
ing from T5-Small to T0-3B yields a consistent
monotonic improvement (e.g., NQ Top-1 rises from
23.60 to 35.42), confirming that larger unsuper-
vised re-rankers produce better relevance estimates.
Among the LiT5-Distill variants, the v2 models
match or slightly exceed their v1 counterparts,
while all xl variants perform comparably regard-
less of version. Notably, Inranker models show
identical Top-1 scores across Small, Base, and 3B
sizes (15.90 on NQ, 14.46 on WebQ), suggesting

that the bottleneck for this architecture lies out-
side model scale. The ColBERT Ranker achieves
the highest raw Top-1 on NQ (69.02) but shows
anomalous Top-10 behavior (66.78), likely due to
its late-interaction scoring being most effective for
top-ranked candidates.

NQ-Test WebQ-Test

Method Model Top-1 Top-10 Top-50 Top-1 Top-10 Top-50

BM25 – 23.46 56.32 74.57 19.54 53.44 72.34

UPR

T5-Small 23.60 59.97 75.15 18.55 55.56 72.68
T5-Base 26.81 63.32 76.12 20.66 58.56 72.68
T5-Large 29.75 65.67 76.48 24.21 60.38 73.32
T0-3B 35.42 67.56 76.75 32.48 64.17 73.67
GPT2 25.95 60.47 75.87 20.47 56.49 72.78
GPT2-Medium 26.75 63.04 75.95 22.39 59.54 72.44
GPT2-Large 26.59 62.68 75.95 24.06 59.84 72.78
GPT-Neo-2.7B 28.75 64.81 76.56 24.75 59.64 72.63

RankGPT LLaMA-3.1-8B 41.55 66.17 75.42 38.77 62.69 73.12

FlashRank
TinyBERT 31.49 61.57 74.95 28.54 60.62 73.17
MiniLM-L12 34.70 64.81 76.17 31.84 62.54 73.47
T5-Flan 7.95 36.14 66.67 12.05 42.96 67.27

RankT5
T5-Base 43.04 68.47 76.28 36.95 64.27 74.45
T5-Large 45.54 70.02 76.81 38.77 66.48 74.31
T5-3B 47.17 70.85 76.89 40.40 66.58 74.45

Inranker
Small 15.90 46.84 69.83 14.46 46.25 69.98
Base 15.90 48.11 69.66 14.46 46.80 69.68
3B 15.90 48.06 69.00 14.46 46.11 69.34

LLM2Vec LLaMA-3.1-8B 24.32 59.55 75.26 26.72 60.48 73.47

MonoBERT Large 39.05 67.89 76.56 34.99 64.56 73.96

TWOLAR XL 46.84 70.22 76.86 41.68 67.07 74.40

EchoRank
Flan-T5-Large 36.73 59.11 62.38 31.74 58.75 61.51
Flan-T5-XL 41.68 59.05 62.38 36.22 57.18 61.51

InContext LLaMA-3.1-8B 15.15 57.11 76.48 18.89 52.16 71.70

LiT5

Distill-base 40.05 65.95 75.73 36.76 63.48 73.12
Distill-large 44.40 67.59 76.01 39.66 64.56 73.67
Distill-xl 47.81 68.55 76.26 42.37 65.55 73.62
Distill-base-v2 42.57 66.73 75.56 39.61 64.22 73.32
Distill-large-v2 46.53 67.83 75.87 41.97 65.64 72.98
Distill-xl-v2 47.92 69.03 76.17 41.53 65.69 73.27

Sentence
Transformer

GTR-T5-Base 39.41 65.95 76.03 36.56 64.32 73.62
GTR-T5-Large 40.63 68.25 76.73 38.97 65.30 73.57
GTR-T5-XL 41.55 67.78 76.81 38.92 66.04 74.01
GTR-T5-XXL 42.93 68.55 77.00 39.41 65.89 74.01

ColBERT Ranker v2 69.02 66.78 – 33.70 35.51 –

Table 10: Full re-ranking results on BM25-retrieved
documents (top-100) for NQ-Test and WebQ-Test. Top-
1, Top-10, and Top-50 accuracy reported. The main
paper Table 3 shows one representative per paradigm;
this table provides the complete set.

C Datasets Statistics

Table 11 provides detailed statistics for all 42
datasets supported in RANKIFY, organized by task
category. The collection spans 12 categories—
open-domain QA (17 datasets), multi-hop QA (4),
temporal QA (2), long-form QA (2), multiple-
choice (6), entity linking (3), slot filling (2), di-
alogue (1), fact verification (1), summarization (1),
IR benchmarks (2), and specialized evaluation (1)—
totaling over 6 million examples.

Each dataset is distributed with 1 000 pre-
retrieved documents per query (obtained via BM25,
DPR, and ColBERT) and pre-built FAISS indices,
enabling researchers to begin re-ranking and gen-
eration experiments immediately without the time-
consuming indexing step. Dataset sizes range from
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Task Dataset # Train # Val # Test

QA

NQ 79,168 8,757 3,610
TriviaQA 78,785 8,837 11,313
WebQ 3,778 – 2,032
SQuAD 87,599 10,570 –
NarrativeQA 32,747 3,461 10,557
MSMARCO-QA 808,731 101,093 –
PopQA – – 14,267
SIQA 33,410 1,954 –
Fermi 8,000 1,000 1,000
WikiQA 20,360 2,733 6,165
AmbigQA 10,036 2,002 –
CommonsenseQA 9,741 1,221 –
PIQA 16,113 1,838 –
BoolQ 9,427 3,270 –
StrategyQA 2,290 – –
CuratedTREC 430 – 430
WikiPassageQA 3,332 416 416

Multi-Hop QA

2WikiMultiHopQA 15,000 12,576 –
Bamboogle – – 125
Musique 19,938 2,417 –
HotpotQA 90,447 7,405 –

Temporal QA ArchivalQA 384,426 48,304 48,760
ChroniclingQA 385,629 21,739 21,735

Long-Form QA ELI5 272,634 1,507 –
ASQA 4,353 948 –

Multiple-Choice

MMLU 99,842 1,531 14,042
TruthfulQA – 817 –
HellaSwag 39,905 10,042 –
ARC 3,370 869 3,548
OpenBookQA 4,957 500 500
QuaRTz 2,696 384 784

Entity Linking
WNED – 8,995 –
AIDA CoNLL-YAGO 18,395 4,784 –
EntityQuestions – – 2,472

Slot Filling Zero-shot RE 147,909 3,724 –
T-REx 2,284,168 5,000 –

Dialog WOW 63,734 3,054 –

Fact Verif. FEVER 104,966 10,444 –

Summariz. WikiAsp 300,636 37,046 37,368

IR BEIR – – 6,980
DL19/20 – – 43/54

Specialized DomainRAG – – 485

Table 11: Dataset statistics for all 42 datasets in
RANKIFY. Total: 6M+ examples across 12 task cat-
egories. Each dataset ships with 1 000 pre-retrieved
documents and pre-built indices.

125 examples (Bamboogle) to over 2.2 million
(T-REx), providing evaluation at multiple scales.
Where official train/val/test splits exist, we preserve
them; datasets without a standard test split (marked
“–”) are typically used for training or validation
only.

D Code Examples

This section provides additional code examples il-
lustrating common RANKIFY workflows beyond
the pipeline() API shown in Figure 1. Each snip-
pet is self-contained and demonstrates a distinct use
case: loading pre-retrieved datasets (Listing 1), ap-
plying a specific re-ranking model (Listing 2), con-
structing a full retrieve–rerank–generate pipeline
with evaluation (Listing 3), and deploying a con-
figured pipeline as a REST service (Listing 4). To-
gether, these examples show that RANKIFY enables
end-to-end experimentation and deployment with
minimal boilerplate code.

1 from rankify.dataset.dataset import Dataset
2 dataset = Dataset(
3 retriever="bm25",
4 dataset_name="nq -test"
5 )
6 documents = dataset.download(
7 force_download=False
8 )
9 print(f"Loaded {len(documents)} queries")

10 print(f"First query: {documents [0]. question}")

Listing 1: Loading a pre-retrieved dataset.

1 from rankify.rerankers.reranker import Reranker
2 reranker = Reranker(
3 method="monot5",
4 model_name="monot5 -3b",
5 top_k =10
6 )
7 reranked = reranker.rerank(documents)

Listing 2: Re-ranking with MonoT5.

1 from rankify import pipeline
2 from rankify.metrics import Metrics
3
4 # Build pipeline
5 pipe = pipeline(
6 "rag",
7 retriever="dpr",
8 reranker="rankgpt",
9 generator="basic",

10 model_name="meta -llama/Llama -3.1-8B",
11 index_type="wiki",
12 n_docs =10,
13 )
14
15 # Run on dataset
16 results = pipe(documents)
17
18 # Evaluate
19 metrics = Metrics ()
20 scores = metrics.evaluate(
21 results ,
22 metrics =["em", "f1", "faithfulness"]
23 )
24 print(scores)

Listing 3: End-to-end pipeline with evaluation.

1 from rankify.server import RankifyServer
2 server = RankifyServer(
3 retriever="bge",
4 reranker="flashrank",
5 generator="basic",
6 model_name="meta -llama/Llama -3.1-8B",
7 )
8 server.run(host="0.0.0.0", port =8080)
9 # POST /rerank , /generate , /pipeline

Listing 4: Exposing a pipeline via RankifyServer.
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