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Introduction – Retrieval and RAG
▪ Information Retrieval (IR) is a task of finding relevant information from a large collection given 

a user query, involving first-stage retrieval and reranking stages. 
▪ Retrieval-Augmented Generation (RAG) enhances the large language model (LLM) response 

by augmenting the relevant contextual information during generation.
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Query
How taylor swift’s
age affects her
relationships?

Retriever
(Lexical, Dense or Sparse)

Corpus
Documents

Top-K1 documents
(Swift & Joe Jonas)

Reranker
(Cross-Encoder

/Listwise)

Top-K2 documents
(Swift & John Mayer)

LLM (generator)
(GPT, Gemini, Qwen, etc)

Response

Taylor Swift’s relationship
strained due to the age
difference and Mayer's

reputation as a playboy [1]
…

Conversely, her relationships
with peers closer to her age
such as Joe Jonas were less
fraught with such issues [2]

First-stage retrieval Reranking Retrieval-Augmented Generation (RAG)

Figure: An illustration of a modern retrieval, reranker and RAG system.
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Introduction – Challenges
▪ Retrieval Benchmarks 

▪ Existing benchmarks are constructed over static and homogeneous corpora, often saturated. 
▪ Fails to capture out-of-distribution (OOD) generalization on domain-specific and multilingual settings. 

▪ Data Quality 
▪ Synthetic training data in multiple languages remains unevenly distributed and scarce. 
▪ Supervised datasets in English contain sparse human judgments leading to false negatives. 

▪ RAG Evaluation 
▪ Automatic evaluation of features, such as attribution and faithfulness versus human alternatives. 
▪ Limitations in heuristic and arena-based evaluation of RAG systems.
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Background – Neural Retrieval
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Background – BEIR Benchmark
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Figure: The diverse tasks and datasets used for zero-shot evaluation in the BEIR benchmark (Thakur et al. 2021).



PART I: TOWARDS RETRIEVAL BENCHMARKS

7



Benchmarks, Data, and Evaluation for Retrieval and RAG on Heterogeneous 
Domains and Languages

Revisiting Touché 2020: Argument Retrieval Subset of BEIR
▪ Objective: Rank top-k debate arguments based on topical relevance on debate titles. 
▪ Motivation: Touché 2020 is one of the few BEIR datasets, where BM25 continues to 

outperform all dense, sparse and multi-vector models.
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Table: Document length distribution & frequency in MS MARCO vs. Touché 2020.

Model limitations? Dataset limitations?

Figure: Comparison of neural retrieval models versus 
BM25 on Touché 2020, based on average nDCG@10.

MS MARCO Touché 2020
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Revisiting Touché 2020: Argument Retrieval Subset of BEIR
▪ Idea (model-centric): Black-box evaluation of top-10 retrieved documents by models. 
▪ Observation: Neural retrievers retrieve shorter documents, with a high lexical overlap 

with argument conclusion (or title) but noisy argument premise (or body).
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Figure: Distribution of top-10 retrieved document lengths by retrieval models. Figure: Example of top-1 document retrieved by retrieval models.

Social security should be privatized
Social Security has serious issues [ ... ] First,
privatization has a shaky track record. 2004
report from the World Bank  [ ... ]

Social Security R.I.B Should be
Privatized Thank you lannan13 for an
invigorating debate.

Social Security
R.I.B Should be
Privatized 
Pass.

Privatizing
social security 
Social security
is in crisis.

Social security should be privatized 
Social security is a complete joke. Although
it was originally designed [ ... ] the young are
forced to subsidize the old, a facet of
socialism [ ... ]

Query:  Should social security be privatized?

BM25

CITADEL+SPLADEv2 & Contriever

DRAGON+TAS-B
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Revisiting Touché 2020: Argument Retrieval Subset of BEIR
▪ Idea (data-centric): Denoising short documents and conducting post-hoc judgments.  
▪ Observation: Removed 78K short (<20 words) arguments & titles; added 827 (77% of 

1064) relevant post-hoc judgments; BM25 continues to outperform all neural models!
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Table: Touché 2020 dataset statistics; original / denoising / post-hoc judgments. Table: nDCG@10 on Touché 2020; original / denoising / post-hoc judgments.
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Expanding Multilingual Retrieval Benchmarks: MIRACL
▪ Multilingual retrieval benchmarks are scarce in languages or human judgments. 
▪ Motivation: MIRACL is one of the largest human-labeled multilingual retrieval 

benchmarks; constructed in a two-phase framework with 31 native speakers. 
▪ Phase I: Query generation by showing Wikipedia snippets as prompts. 
▪ Phase II: Relevance assessment after retrieving potential candidate passages.
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Figure: Two-phase human annotation framework to construct MIRACL. Table: A Comparison of MIRACL versus existing retrieval benchmarks.
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Realistic Benchmark Construction on Technical Documentation
▪ Problem: Existing benchmarks (e.g., NQ, HotPotQA) are currently not well-suited for 

evaluation due to benchmark saturation and leaderboard overfitting.  
▪ Solution:  FreshStack, a holistic framework to construct automatic realistic benchmarks 

in niche technical domains with real user-asked queries and curated answers.
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Top-k doc chunks

Langchain: text splitter behavior 

Community-asked Query

According to the split_text funcion in
RecursiveCharacterTextSplitter 

....
This will merge items if the cusum is less

than chunk size in your example is 10
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Figure: The FreshStack framework to automatically construct retrieval benchmarks on niche technical domains.
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Realistic Benchmark Construction on Technical Documentation
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Table: Retrieval results on FreshStack; best scores in the inference setting are highlighted in bold. The reranker is the Voyage AI rerank-2 reranking the top 100 
documents, if the reranker improves the retrieval score, it is highlighted in blue else red.
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Leveraging LLMs for Synthesizing Multilingual Training Data
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▪ Problem: Multilingual retrievers require a lot of human-supervised training pairs, which 
are uneven and scarce across languages, or machine-translated from English. 

▪ Solution: Large-scale dataset providing 28M training pairs covering 33 languages 
with synthetic queries generated using PaLM 2.

Table: Retrieval results on three benchmarks: XOR-Retrieve (cross-lingual), MIRACL (monolingual) and XTREME-UP (cross-lingual).
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Leveraging LLMs for Synthesizing Multilingual Training Data
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How cheap is synthetic data generation? How to extend to more languages?

Figure: Success@5kt versus annotation cost on XOR-Retrieve. Figure: MRR@10 of SWIM-X fine-tuned evaluated on 20 Indic languages in XTREME-UP.
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Supervised Dataset Pruning and Curation
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▪ Question: Does every training dataset contribute towards model improvement? 
▪ Leave-one-out Dataset (retrain dense retriever by removing one dataset at a time).

▪ Green (Substantially higher accuracy) 
▪ Orange (Similar accuracy) 
▪ Red (Substantially lower accuracy)

Pruning 8/15 datasets (57% size reduction) improves 
avg. nDCG@10 (BEIR, 14 datasets) from 0.519 to 0.529.

Figure: Average nDCG@10 on BEIR; 15 datasets from BGE collection.
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Supervised Dataset Pruning and Curation
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▪ Problem: Sparse judgments introduce false negatives in training datasets, with prior 
work either avoids them during training, or adopts KL distillation. 

▪ Idea: Identify and relabel false negatives with cascading LLM judges (GPT-4o & -mini).

Table: Training Pairs with false negatives identified with RLHN.

Figure: RLHN Methodology for identifying and relabeling false negatives.
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Supervised Dataset Pruning and Curation
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▪ Question: False hard negatives — remove or relabel? How does data curation compare 
against: Cross-Encoder (CE) distillation and HN mining?

Impact of curated dataset size?

Table: nDCG@10 on the BEIR benchmark with E5-base model; best scores 
are highlighted in bold; seven OOD datasets are highlighted in blue.

Figure: Avg. nDCG@10 scores on BEIR (all) and (OOD, 7 datasets) 
with variation in the number of curated training pairs.

RLHNRLHN

Default

Default
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Ragnarök: A framework for Reusable Baselines at TREC 2024 RAG
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▪ Designed a reusable framework for RAG evaluation, constructed the MS MARCO 
V2.1 corpus, topics with long-form answers, and used for providing RAG baselines.

                                                                                                          
    

(R) Retrieval
Module

(BM25, RankZephyr)

User Topic

how often should
you take your
toddler to the
potty when potty
training?

{ ...
 "references":["doc0", "doc1",... ,"doc19"]
 "response_length": 728,
 "answer": [
   {"text": "The frequency with which you     
             should take your toddler to     
             the potty depends on their       
             readiness for potty training.", 
    "citations": [0, 1, 12, 13, 19]}, ...
   {"text": "If they are reluctant to use the 
             potty, don't force them."
   "citations": [6, 8]}, ...
   ], ... 
 }

[doc0] How Often
Should I Take My
Toddler To The

Potty? ...

[doc1] How To
Potty Train Your

Kid: ...

[doc19] Potty
training: How to
get the job done

...

...

Top-k Segments

(AG) Augmented
Generation Module

(Command R+, GPT4o)

RAG Output (JSON)
Prompting + LLMRetrieval + Rerank

(RAG) Retrieval-Augmented Generation Module

Figure: A Schematic diagram of Ragnarök, used for providing reusable baseline responses at TREC 2024 RAG.
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Support Assessment via LLM judges at TREC 2024 RAG
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▪ Problem: Evaluating support (whether information in an answer is factually 
supported by its cited documents) via human judges is cumbersome and expensive. 

▪ Idea: Pairwise assessment with GPT-4o judge; validated against human judgments.

Figure: Confusion matrix comparing support judgments.

Table: Inter-assessor agreement scores in the disagreement task.

Figure: Label distribution by assessors in the disagreement task.

Confusion Matrix
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Multilingual LLM Relevance Assessment on NoMIRACL
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▪ Idea: Convert the LLM relevance assessment into a binary classification task. 
▪ Non-relevant subset measures LLM abstention when relevant information is not 

present, whereas the relevant subset measures identification of relevant information.

What does the AC button
on the calculator stand for?

[1] Power Electronics: AC
Voltage Controller: The purpose
of an AC Voltage Controller, or
AC Regulator, is to vary the RMS
voltage across the load while at
a constant frequency ... 

[2] Calculator: Electronic calculators
contain a keyboard with buttons for
digits and arithmetical operations;
some even contain \"00\" and
\"000\" buttons to make larger or
smaller numbers easier ... 

[1] Food pyramid (nutrition): 
A food pyramid represents the
optimal number of servings to be
eaten each day from each of the
food groups. The first pyramid was
published in Sweden in 1974.

[2] History of USDA nutrition
guides: The introduction of the
USDA's food guide pyramid in 1992
attempted to express the
recommended servings of each food
group, which previous guides ...

Non-relevant Subset

Relevant Subset

I don't know

Yes, Answer is
present

True
Negative (TN)

False
Positive (FP)

relevance = 0 relevance = 0 LLM

relevance = 1 relevance = 0

user query

When was the food
pyramid first
introduced?

user query

I don't know

Yes, Answer is
present

False
Negative (FN)

True
Positive (TP)

LLM

Figure: LLM relevance evaluation as a binary tree classification in NoMIRACL.

▪ Relevant subset: 
MIRACL queries.

▪ Non-relevant subset: 
unanswerable or invalid 
queries in MIRACL.
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Multilingual LLM Relevance Assessment on NoMIRACL
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Figure: Average accuracy (in %) on 18 languages in NoMIRACL on 
both non-relevant and relevant subsets.

Table: Prompt optimization ablation on average accuracy on 18 languages in 
NoMIRACL with Mistral 7B model.

Prompt Optimization
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Expanding Automatic Multilingual RAG benchmarks
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▪ Problem: Heuristic features are difficult to combine & requires gold truth; arena 
setups are expensive requiring multiple LLM API calls. 

▪ Idea: Train a surrogate learning-to-rank (L2R) judge to generate a synthetic RAG 
arena, by training solely on heuristic features.

 बाइनरी भाषा म� िकतने अ�र होते ह�?

[1] �याधारी कूट: �याधारी कूट या
बाइनरी कोड (binary code) वह कूट
है िजसम� दो सं�तीक (�ाय: ० तथा १)
वाले वण� का उपयोग िकया जाता है। ...

##Reason: बाइनरी भाषा का उ�ेख [1]
म� िकया गया है, जहाँ बताया गया है िक कं�ूटर
केवल बाइनरी संकेतो,ं ... ही समझता है।
##Answer: बाइनरी भाषा म� 2 अ�र होते ह�।

Baseline Model e.g., Model A/B/C ...

{ Model A:  1.0, Model B: .... }

Language Detection

{ Model A:  0.5 , Model B: .... }

Citation Quality

{ Model A:  4 , Model B: .... }
Fluency LLM-as-a-Judge

{ Model A:  0.3 , Model B: .... }
Answer Overlap

Heuristic-based Evaluation

Learning to
Rank Model

Leaderboard

Rank

1 Model B

2 Model A

3 Model C

Logit

2.24

2.01

1.34

(Synthetic) Arena-based 
LeaderboardSurrogate Judge

Input: 
Heuristic 
Features

Output:
LLM as a Judge
Bradley-Terry

(BT) model Logits

Model

Model A Model B

Assistant A & B both ....
Final Verdict: [[B]]

Arena-based Evaluation

vs

 Bootstrapping +
Training

Generated RAG response

MIRAGE-BENCH (Query & Passages)

GPT-4o

Figure: Flowchart used to train a surrogate judge, and at inference generate a synthetic arena leaderboard.
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Expanding Automatic Multilingual RAG benchmarks
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Avg. Kendall Tau  
(L2R & GPT-4o judge) = 0.909 

Heuristic Feature Importance

Fine-tuning on Smaller LLMs



Conclusion
▪ Part I: Towards Retrieval 

Benchmarks 
▪ Revisiting Touché 2020: Argument 

Retrieval Subset of BEIR. 
▪ Expanding Multilingual Retrieval 

Benchmarks: MIRACL. 
▪ Realistic Benchmark Construction on 

Technical Documentation. 

▪ Part II: Towards Data Quality 
▪ Leveraging LLMs for Synthesizing 

Multilingual Training Data. 
▪ Supervised Dataset Pruning and Data 

Curation.
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▪ Part III: Towards RAG Evaluation 
▪ Ragnarök: A framework for Reusable 

Baselines at TREC 2024 RAG. 
▪ Support Assessment via LLM judges at 

TREC 2024 RAG. 
▪ Multilingual LLM Relevance Assessment 

on NoMIRACL. 
▪ Expanding Automatic Multilingual RAG 

benchmarks.
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Future Work
▪ Constructing Effective Deep Research Benchmarks 

▪ TREC 2025 RAG track incorporated narrative-style queries, requiring multi-step reasoning. 
▪ Construct private retrieval and RAG benchmarks with a “refresh” option. 

▪ Generating Reasoning-Intensive Training Datasets 
▪ Construct multi-hop reasoning training datasets for search agents trained with Reinforcement 

Learning (RL), such as GRPO. 

▪ Expanding RAG Evaluation at TREC 2026 RAG 
▪ Incorporate newer evaluation features such as safety and counterfactual robustness.
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Thank you!
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