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Abstract
This paper describes our submissions to the 2025 shared task on WOWS-EVAL that aims to automatically estimate
the relevance of documents to a query given documents that are already known to be relevant to the query.
In the end, we aim to transfer topics and relevance assessments from established test collections to new and
evolving datasets. The goal of this paper is to provide a set of efficient and cheap methods that can be used
as baselines for more complex relevance assessors (e.g. LLM-as-a-judge). We apply three main approaches:
(1) framing this as a retrieval problem and using the retrieval scores with and without query expansion through
relevance feedback, (2) transformer-based labeling through autoqrels, and (3) weak supervision using Snorkel
and handcrafted labeling rules. We evaluate the effectiveness of our labeling approaches by computing the
correlation between ground-truth system rankings and the system rankings we obtain when using our generated
relevance assessments. While our approaches outperform a basic approach that simply performs BM25 retrieval,
our maximum correlation of 0.427 highlights that automated relevance transfer using cheap models is unreliable,
and further experiments and approaches should be tried before this could be applied to new collections in practice.
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1. Introduction

In the context of the OpenWebSearch.eu project1, which aims to build and maintain an Open Web
Index [1, 2], evaluation plays a crucial role. In the best case, the Open Web Index supports diverse
downstream retrieval applications. Evaluation can help to ensure that the downstream retrieval ap-
plications work. However, information retrieval evaluation in the Cranfield paradigm [3] usually
requires relevance judgments for a static set of information needs on a static set of documents (some
exceptions also handle longitudinal aspects [4, 5, 6]). Since the Open Web Index is constantly updated
(as documents might be updated, removed, or newly created), the underlying document collection
evolves. This requires that the relevance judgments for the Open Web Index must also be updated, as
this allows continuous evaluation of which retrieval pipelines work well in which retrieval scenarios.

In this work, we describe three approaches for transferring relevance labels from existing test
collections. First, we frame the task as retrieval problem, where we use traditional lexical retrieval
models with respectively without relevance feedback from the known relevant documents, and then
use the min-max normalized retrieval scores as probabilities that documents with unknown relevance
are relevant. Second, we ran an OpenWebSearch.eu hackathon with ca. 30 participants in which we
collected prompts for the relevance label transfer for the autoqrels framework [7]. Third, we combine
those approaches with rule-based weak-supervision signals using Snorkel. We performed evaluations
on ClueWeb22, to which we transferred the relevance judgments from 13 queries from TREC-style
shared tasks that ran before 2022. On ClueWeb22, we judge 1 100 documents manually as ground truth
to evaluate our approaches. Our code is available on GitHub.2
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2. Related Work

We review related work on transferring relevance labels, on how to predict relevance with transformer-
based models, and on weak supervision as they form the basis of our work.

2.1. Relevance Label Transfer

One of our motivations was the case-study that tried to transfer relevance judgments from the ClueWeb09
to the ClueWeb12 via near-duplicate detection [8]. The idea was that, if a document was relevant for
a query in the 2009 crawl, and there exists a near-duplicate of this document in the 2012 crawl, one
can transfer the label. However, only very few documents from 2009 had near-duplicates in 2012, so
that only 10 % of the ClueWeb09 relevance judgments could be transferred to near-duplicates in the
ClueWeb12. This motivates our work, as we try to look if we can transfer more relevance judgments
via approaches that go beyond simple near-duplicate detection.

2.2. Relevance Prediction with Transformers

Transformer models can be highly effective for retrieval and re-ranking [9]. Consequently, they have
also been used to create relevance judgments. MacAvaney and Soldaini propose autoqrels that enables
the creation of relevance judgments in a pointwise and a pairwise manner [7]. We use their input and
output structure for our task as well. More recently, large language models have been used to create
relevance judgments [10, 11, 12, 13, 14]. Still, there is an ongoing discussion to what degree relevance
judgments should and could be automated [15, 16]. With our goal to transfer relevance judgments in a
longitudinal setting, we try to enable more re-use scenarios for human-generated relevance judgments.

2.3. Weak Supervision

One of the most common problems with successful training of machine learning models is the lack
of datasets with high quality annotations. Manual collection of annotations is a costly, tedious and
time-consuming process. Academic research institutions often do not have enough funding to gather
large-scale annotations, limiting their capabilities of creating high-quality corpora. While LLMs can be
used for that task [17, 18, 19], their computational efficiency of might hinder scaling to large collections.
More lightweight approaches such as weak supervision can, on the other side, scale to large collections.

Weak supervision is an approach in machine learning where noisy, limited, or imprecise sources
are used instead of (or along with) gold labelled data. It became popularized with the introduction of
the data programming paradigm [20]. This paradigm enables the quick and easy creation of labelling
functions by which users express weak supervision strategies or domain heuristics. Various weak
supervision approaches can be represented by labelling functions, such as distant supervision, heuristics
or the results of crowd-sourcing annotations. Weak supervision has been successfully applied in various
problems in the area of natural language processing and information retrieval [21, 22, 23].

Snorkel is a weak supervision system that enables users to train models using labelling functions
without hand labelling any data [24]. It is an end-to-end system for creating labelling functions and
training and evaluating the labelling model. Snorkel is initially designed to work with classification or
extraction tasks. According to [25], it offers comparable performance to newer and more complex weak
supervision systems. Hence, we also use Snorkel for our experiments.

3. Experimental Setup

As our intuition is to use relevance data that was created for old versions of the Open Web Index
to evaluate retrieval systems on newer versions of the Open Web Index, we design our experiments
so that we transfer relevance judgments from TREC-style shared tasks that ran in the past to the
ClueWeb22 collection [26]. We start from four source corpora with TREC-style relevance judgments:



the 2020 and 2021 edition of Touché [27, 28], Robust04 [29], the 2019 and 2020 edition of TREC Deep
Learning [30, 31], and the 2009 TREC Web track [32]. From each of those source corpora, we select a
set of topics, yielding 13 topics in total that we aim to transfer to ClueWeb22. For each topic, we submit
the title and description against ChatNoir [33, 34]. We use pooling on those runs to judge overall 1 100
documents with two relevance assessors. We then create 500 randomized retrieval runs by shuffling
the judged documents and stratified sampling the runs so that they cover the nDCG range between
0 and 1 uniformly (for the complete range between 0 and 1, we create buckets of size 0.02 and select
from each bucket one run). This gives us a ground-truth system ranking that covers the range of nDCG
scores between 0 and 1 (it is possible that no runs fall into a bucket, but we ensure that the 1.0 run
is included). For every approach to predict the relevance of a document, we follow the autoqrels
methodology that a relevance can be a float between 0 and 1, as those floats can be directly passed to
the nDCG calculation. We then use the predicted relevance of an approach (a score between 0 and 1)
to calculate alternative system rankings obtained from the predicted relevance. Finally, we calculate
the correlations between the ground-truth system ranking and the system ranking obtained via the
predicted relevance scores. We collected the approaches with TIRA/TIREx [35, 36].

4. Approaches

We next describe our approaches.

4.1. Our BM25 Baseline

To have a reasonable baseline, we used BM25 scores of documents with unknown relevance to the
query. For this, we created a PyTerrier [37] index of all documents with unknown relevance. We created
a BM25 top-1000 ranking for the query. We normalized the BM25 scores (which could be outside the
0–1 range) using min-max normalization. We assigned documents that were not retrieved a probability
of 0. Min-max normalization ensures that the document that was retrieved on the top-position has the
highest probability of 1 of being relevant.

4.2. Estimating Relevance Probabilities with Relevance Feedback

A common approach to incorporate relevance information into lexical retrieval is to apply (pseudo-)
relevance feedback: expanding the input query based on a set of (pseudo-)relevant documents. We apply
relevance feedback for the pairwise relevance label transfer task as follows: (1) we perform RM3 query
expansion [38] using the known relevant document with Robust04 [29] as the background collection,
(2) we compute the BM25 ranking scores for each unjudged document with the expanded query, and
(3) we apply min-max normalization to transform the scores into a probability distribution (as done
with the BM25 baseline). We experiment with two settings: one in which RM3 receives a single relevant
document, and one in which we supply all of the known relevant documents.

4.3. Estimating Relevance Probabilities with autoqrels

We specifically designed pointwise (which uses the query and unknown document as input) and pairwise
(which uses the query, known relevant document, and unknown document) autoqrels approaches
for the relevance transfer. We ran a 60 minute OpenWebSearch.eu hackathon with ca. 30 participants
during which we collected 5 prompts to the problem (ca. 30 minutes were dedicated to collaboratively
develop prompts, the remaining time for introducing the setup). We executed each prompt with three
Flan-T5 variants of different size (small, base, and large). Listing 1 shows the pointwise prompt that we
used as starting point for the hackaton, and Listing 2 the pairwise prompt.



Instruction: Indicate if the passage answers the question.
###
Example 1:
Question: At about what age do adults normally begin to lose bone mass?
Passage: For most people, bone mass peaks during the third decade of life.

By this age, men typically have accumulated more bone mass than women.
After this point, the amount of bone in the skeleton typically begins to decline.

Answer: Perfectly relevant
###
Example 2:
Question: when and where did the battle of manassas take place
Passage: Summary of the Battle of Bull Run. The conflict took place close to Manassas Junction, Virginia.

Around 35,000 Union soldiers marched from Washing D.C. towards Bull Run (a small river)
where a 20,000 troop Confederate force was stationed.

Answer: Irrelevant
###
Example 3:
Question: which kind of continental boundary is formed where two plates move horizontally past one another?
Passage: One plate slides horizontally past another.

The best-known example is the earthquake-prone San Andreas Fault Zone of California,
which marks the boundary between the Pacific and North America Plates.

Answer: Highly relevant
###
Example 4:
Question: what foods should you stay away from if you have asthma
Passage: Get early and regular prenatal care. The first 8 weeks of your pregnancy are important to your babys development.

Early and regular prenatal care can boost your chances of having a safe pregnancy and a healthy baby.
Prenatal care includes screenings, regular exams, pregnancy and childbirth education, and counseling and support.

Answer: Irrelevant
###
Example 5:
Question: what is lbm in body composition
Passage: They also measured the participants body fat (subtracting the body fat weight from the total body weight).
Answer: Relevant
###
Example 6:
Question: QUERY
Passage: DOCUMENT
Answer:

Listing 1: The initial pointwise prompt for autoqrels for the hackathon.

Determine if passage B is as relevant as passage A for the given query.
Passage A: "RELEVANT-DOCUMENT"
Passage B: "UNKNOWN-DOCUMENT"
Query: "QUERY"
Is passage B as relevant as passage A?

Listing 2: The initial pairwise prompt for autoqrels for the hackathon.

4.4. Estimating Relevance Probabilities with Snorkel

Snorkel has been used for a variety of tasks [39, 21, 40, 41], but, to our knowledge, no one has utilised it
for predicting document relevance. The core of Snorkel are labeling functions which assign a certain
label to the input data; those labels are then aggregated to predict a final label. The outputs of the
labeling functions are usually binary. For example, for a task that would determine whether a mail is
spam or not the labels would be: 1 (spam), 0 (not spam) and -1 (abstain).

However, for our task, we need to emit probabilities directly instead of obtaining binary scores.
We achieved this by using Snorkel’s LabelModel and its predict_proba() method, which returns the
probability distribution over labels for each example in the label matrix.

For pointwise ranking, each query-document pair is assigned a probabilistic relevance score. For
pairwise ranking, we aim to estimate the probability that an unknown document is relevant, given a
document that is already known to be relevant for the same query. Each instance in the label matrix
consists of a pair where one document is labeled as relevant, and the other is an unknown candidate.
Instead of making a direct binary comparison, the LabelModel aggregates weak signals from multiple
labeling functions to infer the probability that the unknown document is also relevant.

By using weak supervision, Snorkel’s LabelModel learns the reliability of different labeling functions
and outputs a probabilistic relevance score for the unknown document. This probability can be used as
a ranking signal, which allows to sort documents based on their estimated likelihood of relevance.



4.4.1. Pointwise ranking

In Snorkel, the goal of pointwise ranking is to assign weak relevance labels to individual (query,
document) pairs, which are then aggregated into probabilistic labels by Snorkel’s LabelModel. We
created labeling functions based on the following features:

• BM25 score
• Boolean match (the document contains at least one query term)
• Word Levenshtein distance
• TF-IDF cosine similarity
• BERT cosine simlilarity

We use the “all-mpnet-base-v2” BERT model for BERT cosine similarity probability. Also, as Snorkel
aggregates multiple weak labels, we boosted highly confident signals, ensuring that Snorkel learns the
correct probability distributions.

4.4.2. Pairwise ranking

We define several pairwise labeling functions in Snorkel that provide weak supervision signals for
ranking tasks by comparing an unknown document to a known relevant document for the same query.
Instead of predicting absolute relevance scores, these functions output probabilistic signals that estimate
the likelihood of the unknown document being relevant, given an existing relevant document.

A typical pairwise labeling function takes as input: (1) a query 𝑄, (2) an unknown document 𝐷𝑢,
and (3) a known relevant document 𝐷𝑟 . The function then computes a pairwise comparison score:

𝑓(𝑄,𝐷𝑟, 𝐷𝑢) = 𝑆(𝑄,𝐷𝑟)− 𝑆(𝑄,𝐷𝑢)

where 𝑆(𝑄,𝐷) represents a similarity or relevance score assigned to a document with respect to the
query. The function then outputs a weak supervision signal that indicates the degree to which the
unknown document is less relevant than the known relevant document. To perform pairwise ranking,
we used labeling functions based on the following features:

• BM25 score
• Word Levenstein distance
• Jaccard similarity
• TF-IDF cosine similarity
• BERT cosine simlilarity

Snorkel’s LabelModel aggregates multiple weak labeling functions to generate a probabilistic ranking
signal. The raw difference score serves as a weak preference indicator, and after label aggregation, the
model outputs relevance probabilities for the unknown document.

5. Evaluation

Table 1 shows the evaluation results. For each of our approaches, we report the Spearman correlation
(ranges from −1 to 1) in how well the system rankings are preserved against the ground-truth system
ranking when using the predicted relevance judgments by our approaches. A Spearman correlation of 1
would indicate that the system rankings are identical, which would be the best case as this would allow
us to select suitable retrieval models on the transferred relevance judgments. A Spearman correlation
of 0 would indicate random correlations (e.g., randomly generating system rankings) whereas −1 would
indicate a perfect negative correlation. Our results show that all predictors achieve a positive correlation.
Even the unsupervized BM25 baseline achieves a positive correlation of 0.151, though this is too low to
be applicable in practice. Our relevance feedback approaches and the Snorkel approach outperform



Approach Spearman

Flan-T5-large (best prompt) 0.427
Flan-T5-base (best prompt) 0.266
Flan-T5-small (best prompt) 0.067

BM25 0.151
RF (All) 0.266
RF (One) 0.276
Snorkel (Pointwise) 0.230
Snorkel (Pairwise) 0.035

Table 1
The effectiveness of the different relevance predictors measured as Spearman correlation.

the BM25 baseline and achieve correlations between 0.230 and 0.276. For the autoqrels approaches,
the backbone model substantially impacts the effectiveness. The smallest model (Flan-T5-small) with
the best prompt is even less effective than BM25, whereas our largest model (Flan-T5-large) achieves
a correlation of 0.427. Overall, the correlations that our approaches achieve indicate that further
improvements are needed before they can be used in practice. The code to build the evaluation and
more approaches (that we excluded from our analysis here) are available online.3

6. Conclusion and Future Work

We described our approaches to update potentially outdated relevance judgments for document col-
lections that might evolve over time. Our intended use-case is to support evaluations of retrieval
systems on the Open Web Index, where new documents might be added, removed, or modified over
time. Given a set of documents that are known to be relevant to an information need, we explored
different approaches to transfer the relevance judgments to updated versions of the corpus. Our results
show that the relevance label transfer is not yet reliable enough to be used for practical applications.

Consequently, there might be several ideas that could be interesting for future work. Taking the topic
difficulty into account could be interesting, as the transfer might be easier on easier topics. Alternatively,
integrating more information from the topics could also improve the effectiveness of the relevance
transfer. Another interesting line could be to incorporate old relevance judgments as contrastive
examples into the prompts to large language models.
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