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Abstract
Podcasts have continued to grow in popularity over the last two
decades, withmore than 4.52million podcasts and 584million listen-
ers across the globe in 2025. Developing effective search systems for
web-scale podcast corpora is of vital importance. Previous research
has approached the search task primarily through text representa-
tion using a single transcription of the audio content via automatic
speech recognition (ASR) models. However, there is currently lim-
ited understanding about how variation in podcast representations
influences ranking, retrieval, and relevance assessment.

In this paper, we provide a comprehensive analysis of the effec-
tiveness of the podcast search problem from three different sources
of variation. First, we create a set of 5,745 unique, automatically
generated query variations derived from the TREC 2020 and 2021
podcast track topic descriptions. Second, to enable a comprehensive
and reproducible analysis, we build a diverse pool composed of a
set of 17 different ranked retrieval runs (system variations) using
state-of-the-art (SOTA) information retrieval (IR) systems for all
of the query variations over a set of corpus (transcript) variations.
Third, we use five large language models (LLMs) to automatically
assess the relevance of query-document pairs resulting from every
query-system-transcription combination, yielding over 1.8 million
judged pairs. Our analysis studies the impact of these variations
on both search and judgment effectiveness, resulting in a series of
practical recommendations for podcast and audio retrieval tasks.

CCS Concepts
• Information systems→Query representation;Test collec-
tions; Relevance assessment; Multimedia and multimodal
retrieval.
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1 Introduction
Podcasts are a popular medium for listeners, allowing them to en-
gage with topics and communities of interest. As of September 2025,
there are 4.52 million podcasts available worldwide in over 100 lan-
guages [1], making them a valuable source of knowledge.

While several studies have investigated various aspects of at-scale
podcast retrieval, including user behavior [18] and multi-modality
[38], the standard approach commonly relies on indexing a sin-
gle automatic speech recognition (ASR) transcript to represent the
underlying podcasts. This “single-transcript” approach implicitly
assumes that the ASRmodel is correct, ignoring the inherent noise
in spoken document processing. While remarkable improvements
have been made in audio-to-text encoding, aspects such as speaker
dialect, gender, and rare words continue to limit the performance
of podcast search systems [81]. Recently, Mansour et al. [57] demon-
strated that the choice of ASR model has a significant impact on
retrieval performance, primarily due to the failures made by the
ASR model when transcribing named entities, poor quality audio,
or strong accents. However, this study was limited to the existing
TREC Podcast document pool [45, 47], which has a large percentage
of (potentially relevant) unjudged documents.

To mitigate these transcription issues, Carterette et al. [19] high-
lighted the importance of augmenting podcast indexes withmeta-
data – such as episode titles or descriptions. Since metadata is often
manually curated, it can complement noisy transcripts, providing
a cleaner signal to improve retrieval effectiveness.

ASR-based document representations are also used for judgment.
For example,Mansour et al. [58] demonstrated that systemorderings
generated by LLM-based judgment are highly correlated to those
from human experts, confirming prior studies on classic text ad-hoc
search [84, 89]. Again, this study was limited to the available TREC
judgment pool and existing Spotify transcripts, and the relevance
assessment process relied solely on the text representations of the
audio segments – audio segments and metadata were not utilized.
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Finally, another critical but underexplored dimension of prior
work is the effect of query variation. While recent work has demon-
strated that user query formulations can contribute asmuchvariance
to a judgment pool as varying retrieval systems [12, 61], the impact of
query rewriting and variation has not been systematically analyzed
within the audio retrieval domain.

Collectively, these limitations suggest that findings drawn from
current podcast search benchmarks may not generalize to realistic
retrieval scenarios. By relying on a single, potentially erroneous tran-
script, ignoring the variance inherent in user query formulation, and
restrictingrelevance judgment to text-onlyrepresentations, standard
evaluation paradigms likely over-fit to specific system configura-
tions. Consequently, there remain fundamental unknowns regard-
ing how variability in queries, transcriptions, and judges influences
ranking and retrieval, necessitating a comprehensive analysis of the
podcast search problem from all three perspectives. In this work, we
address this gap by answering the following research questions:
• What is the relative influence of system, query, and transcription
variations on the variety of the judgment pool?

• How are LLM-based assessments influenced by the underlying
document representation and modality?

• How does the inclusion of podcast metadata affect LLM judg-
ment, and does it lead to higher agreement with human experts?

We conduct a comprehensive analysis of a large Podcast test collec-
tion and study variation effects on performance through query and
transcript dimensions. Figure 1 summarizes the methodology used
in this study.We first usemultiple ASRmodels to generate transcript
variations.Then,weemployLLMstogeneratequeryvariationsbased
on the topic backstories. Using the generated transcriptions and
queryvariations,weproduce17runsusing11state-of-the-art (SOTA)
retrievalmodels to createa largepoolofpassage judgmentsusingfive
different Large Language Models. Our contributions are as follows:
• We demonstrate that the variance caused by ASR models is a
critical, yet overlooked, source of pooling bias. Our analysis
reveals that varying the ASR model used to create the corpus
alters the pool as significantly as varying the retrieval system
used, suggesting that future test collections must account for
transcript variance to be reusable;

• Weshow that systems are highly sensitive to both the underlying
transcription quality, as well as the user query, and confirm the
importance of including metadata when transcription quality
cannot be guaranteed;

• We show that LLM judgment is robust to variation in the tran-
scripts, suggesting thatLLMjudgesareconsistent in thepresence
of noise; and

• We provide practical recommendations for multimodal evalu-
ation, showing that audio-aware LLM judges can resolve dis-
agreements where text-only protocols fail.

Our experiments result in a set of over 1.8 million labeled topic-
document pairs from five LLMs by incorporating new query, tran-
scription, and system variations over the TREC Podcast collections.1
We believe that our work is a useful contribution to multiple IR
research areas of interest, including (1) The representation and rank-
ing of podcast data; (2) The use of LLMs to assess the relevance of
1The prompts used, LLMs assessments, query variants code and data, and our pool
runs are all available here https://github.com/Watheq9/sigir26variability
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Figure 1: An overview of the analysis setup. Multiple automatic
transcriptions are generated from the Spotify audio podcast
collection, which are then indexed using multiple IR systems; Query
variations are generated and used to perform top-𝑘 retrieval for each
system; Finally, the runs are pooled, and the relevance is judged
using multiple large language models.

topic-document pairs using different modalities; and (3) The effects
of system, query, and document content variation on IR experiments
and pooling using the Cranfield paradigm [22].

2 Background and RelatedWork
We now discuss key related work, including datasets, existing work
on podcast retrieval, and the use of large language models for rel-
evance assessment.

Audio Datasets. Between 1997 and 2000, the first spoken retrieval
task was offered in TREC spoken document retrieval track [36],
where manual and automatic transcripts of news were collected
from radio and television broadcasts. In subsequent work, several
shared taskshave focusedon speech retrieval of personal testimonies
[64], lectures [4–7], and television shows [29, 30, 50, 77]. Jones [44]
provides a comprehensive overview of spoken text retrieval in a
more general context. The TREC 2020 [45] and 2021 [47] Podcast
moment retrieval and summarization tasks use the Spotify podcast
dataset [23], a collection of 100,000 English podcasts. In recent work,
Setty and Becker [78] created a podcast fact-checking and annota-
tion tool along with transcripts of 531 podcast episodes. However,
the size of the dataset limits its usefulness for other search and rec-
ommendation tasks.

Podcast Retrieval. Podcasts are an important medium for sharing
and consuming content for a wide variety of special-interest topics.
Given the variety of active podcasts, providing efficient and effec-
tive information-discovery tools is an important but underexplored
research direction [18, 85]. Key challenges in developing effective
podcast search systems include: handling rich data formats [9], the
varying level and granularity of information needs (podcast level,
episode level, or moment level), and the huge variety in content, to
name a few [46, 87].
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One popular strategy for indexing podcasts – and many other
spoken document formats such as radio broadcasts – is to use auto-
matic speech recognition (ASR)models to generate text transcriptions
[19, 36, 79, 86]. This enables SOTA text retrieval technologies to
be directly applied to podcast retrieval tasks without significantly
changing the indexing or retrieval engine. This was the main strat-
egy used by participants of the TREC 2020 and 2021 Podcast track
[45, 47], which challenged the community with two distinct shared
tasks – podcast moment retrieval, where the best entry point into a
podcast is retrieved (formulated as a ranking problem); and podcast
summarization, where the key ideas presented in a podcast episode
are captured as a short form text snippet. Mansour et al. [57] exam-
ined the effect of changing the underlying text representation by
using differentASR transcripts, and showed that the variance in tran-
scriptions generally leads to a loss in effectiveness. We recommend
interested readers see the work of both Tian et al. [85] and Jones
et al. [46], who describe the unique challenges presented by podcast
search and information access at scale, including issues relating to
users and user behavior, robust evaluation, and multi-modality.

SourcesofPoolingVariation. InCranfield-basedexperiments [22],
a fixed test collection is provided to a diverse set of participants who
then build retrieval systems to form sets of system runs for the topics
provided. However, the information need for each topic is usually
represented by a single, short keyword query matching the need.
Consequently, the coverage of documents pooled during relevance
assessments is directly proportional to the number and diversity of
the system runs created. Recent work demonstrates that users tend
to be as diverse as retrieval systems [61]. In other words, the way
in which individual users formulate queries to satisfy a given infor-
mation need can result in more variance than is typically produced
by using a single query with a diverse set of IR systems [12, 13, 60].
Therefore, there is a growingbelief thatwe should rethink the “single
query, multiple system” model that is currently used in exercises
such as TREC, and to instead consider more descriptive information
needs to model and optimize search engine quality [25]. One clear
downside, however, is that greater variance means that many more
relevance assessments are required. However, this additional cost
could be worthwhile if it improves the reusability of test collections.

Relevance Assessment Using Large LanguageModels. In early
2023, Faggioli et al. [31] explored the advantages and disadvantages
of using LLMs to generate relevance judgments for a test collection.
Faggioli et al. experiment with two LLMs (OpenAI’s GPT-3.5 and
YouChat), using the TREC-8 ad-hoc retrieval task and TREC 2021
Deep Learning track (TREC-DL 2021), using two simple prompts
(withminimalpromptoptimization). Interestingly, the authors found
that the overlap in agreement between human judgments and the
LLMwas 47% for GPT-3.5 and 33% with YouChat. When reassessing
the original judgment pool for TREC-DL 2021, they observed a mod-
est correlationbetweenhighly-trainedhumanassessors and the fully
automated LLM approach, which yields similar system orderings de-
spite the lack of high overall agreement between the two approaches.

Upadhyay et al. [89] recreated the results from Thomas et al. [84]
in a reproducibility study using OpenAI GPT-4o, and released an
open-source toolkit called UMBRELA to aid researchers interested
in this problem. Experiments using the TREC Deep Learning Tracks
from 2019–2023 demonstrate that system rankings created from

LLM labels are highly correlated to ordering produced from human
ground-truth judgments. Interestingly, Upadhyay et al. showed sev-
eral corner caseswhere LLM judgmentswere actuallymore accurate
than the corresponding human judgments, which they attributed to
the unreliability of human assessments or a lack of a clear descrip-
tion of a user’s information need. By comparing LLM and human
judgments, Upadhyay et al. [88] observed that LLM judgments could
replace human assessments when usingmany common IR effectiveness
metrics, when the overall effectiveness ordering at the run level is being
measured. When comparing agreement at the judgment level, they
found that human assessors apply more stringent relevance crite-
ria than LLMs currently do. These findings corroborate the results
reported by Faggioli et al. [31], where LLMs were found to be less re-
liable when attempting to distinguish relevance between the grades
of 1 and 2 in graded relevance assessment exercises.

Other recent work explores ensembling automatic LLM judg-
ments to improve reliability [71], and how to use LLMs to fill “holes”
in judgment pools [2, 53]. The first LLM4Eval workshop contains
additional findings and references for interested readers [70].

While there have been a range of empirical studies that support
the use of LLMs for relevance assessment exercises, there are also
studies that support the opposite point of view. For example, Clarke
and Dietz [21] criticize claims that LLMs can replace humans [88],
and provide several concrete cases where LLM-based assessments
fail to reliably identify the best-performing systems. Alaofi et al. [8]
demonstrate that simple keyword stuffing techniques can mislead
LLMs and produce incorrect labels. Faggioli et al. [32] consider the
wider role of humans and LLMs in the relevance assessment process.

In thiswork,weprovide additional evidence in favor of employing
LLMs to automate relevance assessments, but cautiously consider
the limitations presented in previous work that warn against using
this technique. More specifically, we use multiple LLMs with query
variations and make all of the assessments we have created publicly
available for future research and analysis on this important problem.
We also carefully compare the automated judgments we have gen-
erated against ground truth judgments created by human assessors
for our task.

3 The Variations Setup
This section describes the design choices made when constructing
the variations and reports the key characteristics.

3.1 Document Corpus
First, we describe the document corpus variation process and its
basic properties.

Spotify Podcast Corpus. Given our desire to use a large-scale pod-
cast dataset, we use the Spotify podcast collection [23]. Originally
published in 2020 for the TREC podcast track [45, 47], it consists of
100,000 English podcasts published between 2019 and 2020 on the
Spotify platform; for more details on the specific filtering criteria
applied to create this sample, please refer to the original descrip-
tion [23]. The episodes constitute around 60,000 hours of audio,
consuming close to 4 terabytes of disk space. In addition to the raw
audio, the organizers also shared an automatic transcription file us-
ing Google’s Speech-to-Text and provided author-curated metadata
for each episode when possible.
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Transcript Variations. Mansour et al. [57] explored the effect of
applying ASR systems of varying quality to the Spotify podcast cor-
pus. In particular, they re-transcribed all 60,000 hours of audio using
three newASRmodels, and demonstrated that the quality of theASR
model had a large effect on search quality. However, a key problem
with thiswork is the inherent bias in the TREC judgments to systems
using the original Spotify transcript: running retrieval systems on
alternative transcripts returns a large number of unjudged docu-
ments. This is a key motivation for this work. We group the four
transcripts available in the literature and augment them with an
additional transcript using an SOTA ASR model, resulting in five
distinct representations of each podcast:
• Spotify: This is the original transcript generated by Google’s
speech-to-text API in 2019, which was used by most teams in
the 2020 and 2021 TREC Podcast tracks.

• WhisperX:WhisperX is a SOTA open-source speech recognition
model [15] derived from the OpenAIWhisper models [68], but
is more efficient and effective. We generate WhisperX transcrip-
tionsusing theLargeV3versionandreproduce the transcriptions
used in Mansour et al.’s work using the Base version [57].

• Silero: Silero is a family of pre-trained lightweight speech-to-
text models suitable for real-time ASR tasks.2 We employ the
small and largemodels, which were used in prior work [57].

Segments andStatistics. After transcription, each podcast episode
is broken into a series of segments that span 120 seconds, with a 60
second overlap, mirroring the process used in the original Spotify
collection [23]. This results in around 3.5 million segments per tran-
scription, with a total of 17.7 million segments in total.

To the best of our knowledge, this is the first example of a doc-
ument collection that contains document variations. That is, the
content of each document can vary between different transcription
models, even though the underlying source of truth – in this case, the
raw audio – remains the same. Figure 2 shows a concrete example
of this variance.

3.2 Topics and Query Variations
Next, we outline the topics that accompany the corpus and the pro-
cess used to create the query variations.

TopicDescriptions. Given our desire to reuse existing resources as
muchaspossible,wereuse the2020and2021TRECPodcastTrack top-
ics [45, 47]. These topics are suitable as theywere specifically crafted
for the podcast data available. There are 48 and 50 topics in 2020 and
2021, respectively. Each topic is classified into one of three possible
types: (1) topical, which are targeted at discoveringpodcast segments
related to a given topic; (2) refinding, which simulate a user trying
to find a segment they have already listened to; and (3) known-item,
which simulate a user looking for a segment they believe to exist, but
one that they have not yet discovered.3 In the 2020 topics, there were
35 topical, 6 re-finding, and 7 known-item, respectively. In the 2021
topics, 40were topical, and the remaining 10were known-item. As is
typicalwithTRECtopics, each is accompaniedbyashort “title”query,
and a longer description outlining the information need (backstory).

2See: https://github.com/snakers4/silero-models
3Refinding and known-itemwere merged into known-item in 2021

Table 1: A randomly selected backstory and four random query
variations generated by the different LLMs and settings.

Backstory: There have been numerous news reports of bees and
other pollinators dying. I want to learn what I can do personally to
help bees and other pollinators. General discussions about habitat
loss are not relevant.

Model Temp Query

GPT-3.5-turbo 0.0 how to assist pollinators
GPT-3.5-turbo 0.5 supporting bee populations at home
GPT-4o 0.0 bee support initiatives
GPT-4o 0.5 helping bees in my area

Generating Query Variations. Recent work has made it clear
that query variations, either generated by users [56, 61], or algo-
rithmically [41, 65, 72], can greatly increase the number of unique
documents retrieved by IR systems [12, 61], sparking further work
on understanding how IR systems should handle query variations
[14, 17, 35]. By providing a set of unique queries – rather than one
single representative query – document pools can be made more
robust by including additional documents in the judgment process.
As such, we opted to generate query variations for each topic in
the 2020 and 2021 TREC Podcast Track topics. To generate these
variations, we followed the setup of Alaofi et al. [8], with a few im-
portant changes. Firstly, we treat each of the available TREC topic
descriptions as a so-called “backstory” representation of the user
information need. Then, we employed the UQV100 collection [13] to
create in-context examples for the query generation task. In particu-
lar, UQV100 consists of 100 backstory descriptions, each of which has
58 unique user-generated queries on average.We randomly sample 5
of these backstories – eachwith 20 associated user queries, randomly
sampled without replacement – and provide these to the LLM in our
prompt template. Then,we also provide the target backstory, and ask
the LLM to generate a list of query variations.4 We used GPT-4o and
GPT-3.5-turbo for this experiment, and repeated the experiment
with the temperature set to 0 and 0.5, requesting twenty variations
per prompt.We also ensure each of the TREC title queries is incorpo-
rated to ensure better coverage of the original podcast queries. On 25
occasions, the generative LLM did not respond with any meaningful
queries, instead respondingwitha “sorry, but I can’t ...”message, often
citing specific guardrails [28]. Interestingly, this was only an issue
with the GPT-3.5-turbomodel, and did not occur with GPT-4o.

Query Properties and Statistics. After de-duplicating and com-
bining the outputs of these experimental results, we ended up with
a total of 5,745 query variations for the 100 topics. Each topic has
between 26 and 75 variations, with a median of 54.

3.3 System Pooling
To make the pool as exhaustive as possible, we utilize a variety of
SOTA retrieval models in two stages: (1) Initial retrieval (candidate
generation), and (2) Document re-ranking. In the first stage, we in-
clude nine retrieval models from four categories of systems, and, in

4The full prompt template, in-context examples, and code for generating the variations
are provided within the GitHub repository.
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So in Russia, what was the Feeling that you remember in the class. Is that it feel forced to feel like oh my God,
I don't want to do this. And what was the Yuan well as a kid, I was afraid of this language classes.Spotify(Google STT)

So in Russia, what was the feeling that you remember in the classes? Did it feel forced? Did it feel like, oh my God,
I don't want to do this? What was the feeling? Well, as a kid, I was afraid of these language classes.

WhisperX-Large

Silero-Small rational what was a feeling that you'remember the class for feel like oh my go don't want to do that think what
was the as as a key i was afraid of this language classes

Figure 2: An example snippet created from three different ASR methods. Differences between the Spotify and WhisperX transcriptions
are color-coded; the Silero transcription is not color-coded as it is significantly different (and found to be lower quality) than the former two.

the second stage, we re-rank eight of these runs using two differ-
ent re-rankers. This leads to a pool of 17 runs for each of the five
transcribed corpora.

Statistical Lexical Retrieval. We use three models from two fam-
ilies of weighting models. In particular, we select BM25 from the
TF-IDF family [73, 74], and bothDPH and PL2 from the Divergence
from Randomness family [10, 11]. We use the default parameters for
all models.

Term-BasedQueryExpansion. Weuse the traditional–yet strong
– combination of BM25with RM3 expansion [3]. We set the number
of feedback terms and documents to 10 and 3, respectively.

Single- andMulti-Vector Dense Representations. We also in-
clude three models from two dense paradigms, namely single-vector
and multi-vector dense representations. In the single-vector similar-
ity paradigm, an embedding vector is generated using a pre-trained
language model to embed the query and document, and then rele-
vance is estimated as the dot product of these two vectors. However,
in the multi-vector late interaction paradigm, an embedding vector
is produced for every token in both queries and documents, creating
two sets of vectors, and then the relevance is estimated between
these two sets as the sum of maximum similarities between vectors
[48]. We select two variants of the BGE family [20, 90] to represent
single-vector similarity, BGE-large-en-1.5 and BGE-m3, due to their
superior performance onMS-MARCO [16], andwe chooseColBERT-
v2 (the improved and efficient version of ColBERT) to represent the
multi-vector late interaction paradigm [75, 76].

Learned Sparse Representations. Learned sparse models gen-
erally learn term weighting and/or expansion using pre-trained
language models, and are then represented by inverted indexing
techniques. SPLADE [34] is one of the strongest families of the
learned sparse representations. We use two strong variants, namely
SPLADE++ [33] and SPLADE-v3 [51].

Re-RankingModels. We also employed second-stage re-ranking
models in an effort to improve early precision. We used two types
of re-rankers:
(1) Point-wise:The T5-based [69]MonoT5 cross-encoder [63]; this

re-ranker was applied to the top 𝑘 =100 segments as retrieved
byColBERT-v2, SPLADE-v3, BM25+RM3, BM25, andDPH, re-
spectively.

(2) List-wise: The LLM-based RankZephyr [67] model, with 7 bil-
lion parameters. Since this model is more expensive than the
point-wise approach, we applied it on the top 𝑘 =40 segments

as retrieved by theMonoT5 re-ranked output of ColBERT-v2,
SPLADE-v3, and BM25, respectively, representing an expensive
– yet hopefully accurate – three-phase ranker.

Each of these systems was executed on every query variation – over
each corpus transcription – to form a comprehensive pool of docu-
ments for assessment. The retrieval depth is set to 200 for statistical
lexical and term-based expansion models, and to 100 for all other
models. All top-𝑘 run files are available in the GitHub repository.

Tools. We use the PyTerrier toolkit [54, 55] to index the corpora,
run the lexical retrieval models, and evaluate the runs. We use Ran-
kLLM [66] for RankZephyr, and llm-rankers [92] forMonoT5.

3.4 Assessing the Judgment Pool
Given the scale of our judgment task, we employ multiple open-
source and proprietary LLMs as a low-cost judgment technique. This
also allows us to explore the effectiveness differences between LLMs
and ensure that the judgment process is reliable.

Large LanguageModels. To judge the pool, we select four open-
source LLMs and one proprietary model due to their strong perfor-
mance on a variety of LLM-based tasks. In particular, we use Ope-
nAI’s GPT-4o as a closedmodel, as it achieves the highest agreement
with human judgments in recent studies [8, 88]. For open-source
LLMs, we choose the following four models:

(1) Mistral: A 6-bit quantized model from the wider Mistral family
[43] – Mistral-Small-Instruct-2409-Q6_K_L;

(2) Qwen: A family of models from Alibaba [91] – we employed the
Qwen2.5-14B-Instruct-Q8_0model, quantized to 8-bits;

(3) Llama3:Meta’sMeta-Llama-3.1-8B-Instruct-Q8_0model [83]
with 8-bit quantization; and

(4) Gemma2: Google’s gemma-2-9b-it-Q8_0 [82] with 8-bit quanti-
zation.

We use llama-cpp-python5 – Python Bindings for the llama.cpp
library6 – to conduct inference on the open-source LLMs. All mod-
els are quantized and downloaded from Bartowski’s publicly avail-
able collection.7 We also conducted audio-based experiments where
SOTA audio LLMs were used to rejudge the relevance of TREC Pod-
cast relevance judgments – more detail is provided in Section 4.4.

5https://github.com/abetlen/llama-cpp-python
6https://github.com/ggml-org/llama.cpp
7https://huggingface.co/collections/bartowski/
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Figure 3: The effect of system (left), query (middle), and document transcription (right) variations on the size of the pool, averaged over
all 100 topics. Interestingly, varying the transcription model can increase the number of pooled documents as much as including additional
system or query variations. Note the logarithmic scales on both axes.

LLM Prompting and Relevance Grades. To generate new rel-
evance judgments, we adopted the prompt used by Mansour et al.
[58]. We also restrict the LLM output to JSON format, as Tam et al.
[80] showed that this restriction enhances the performance during
classification tasks. The relevance grades are between 0 and 3. The
prompt is available in our repository.

LLM Judgments and Statistical Properties. Using the prompt
described above, we deployed each of the five LLMs to judge the top-
10 documents for every query-system-transcription combination.
This required us to judge approximately 70,000− backstory–segment
pairs for each transcription model, as the judgment process may be
affected by the quality of the underlying transcription model used.
However, only GPT-4o assessments for Silero pools are not in-
cluded due to the prohibitive cost, as we found Spotify and both
versions of WhisperX to be of higher quality (see Figure 2). So, using
five LLMs, we have judged 72,647 and 69,173 pairs from WhisperX
(base and large) pools, and 75,573 pairs fromSpotifypool, andusing
the four open-source LLMs, we have judged 98,260 and 86,038 pairs
for Silero (small and large) pools. In total, we have judged 1,824,157
pairs. It is worth noting that many of these pairs are derived from
the same backstory and source document, but contain a different
document representation produced by the underlying transcription
model (as shown in Figure 2). The goal is to explore how the document
transcription quality can influence the judgment labels.

TREC Judgments. To further validate our LLM judgment process,
wehave exhaustively re-judged the entire set of labels from theTREC
2020 and 2021 podcast tracks using the same LLMs, while also incor-
porating judgments from audio-based LLMs based on the raw audio
(discussed in Section 4.4). Although the original runs contributed
to TREC used a single transcription – the Spotify transcription, we
have rejudged every pair using all five transcriptions, as we believe
the transcription quality can directly influence the decision pro-
cess. In Section 4.2, we use the new judgments to compare directly
between the LLM judgments and the human TREC assessors.

3.5 Summary
To recap, we have five unique transcriptions of the Spotify document
collection generated using various SOTAASRmodels. We then used
the TREC podcast topic descriptions to automatically generate a
large set of query variations for each topic, and ran these query

variants using a large set of SOTA retrieval systems to generate a di-
verse pool of runs.We then judged these runs using several different
large language models, and the resulting set of judgments is curated
into the variation setup of our experiments. Figure 1 provides an
overview of the entire process and the respective outputs.

4 Experiments and Analysis
In this section, we describe experiments and analysis on the factors
contributing to judgment pool size, the stability of judgment over
varying transcripts andmodalities, and the stability of systemsunder
both query and transcript variations.

4.1 Pool Variance
Our first experiment aims to quantify the effect of including tran-
script variations in the document pooling process. To the best of our
knowledge, we are the first to explore the effects of corpus variations
for Cranfield experiments. Our context is podcast retrieval, and ASR
models of varying quality are considered [57].

Tomeasure the effect on collection quality, we take the set of nine
first-stage retrieval systems and run all of them on all transcription
models using a subset of 𝑛 randomly selected query variations (with
𝑛 ∈ {5,10,20,50}). Then, we measure the average number of unique
documents added to the judgment pool when varying:
(1) The number of contributing systems (across all transcriptions

and query variations);
(2) The number of contributing query variations (again, using all

systems and transcriptions); and
(3) The number of contributing transcriptions (over all system and

query variations).
In each experiment, we increase the number of contributing vari-

ants by sampling randomlywithout replacement, using the previous
set as the basis for each subsequent experiment. For example, if
system𝐴was used for the “1” line in the leftmost figure, then sys-
tem 𝐴 would be included in the “3”, “5”, “7”, and “9” lines as well.
Figure 3 demonstrates that the pool grows as a function of the pool
depth selected – that is, the number of documents taken from each
ranked list and added to the judgment pool. Somewhat surprisingly,
we observe that transcript variations tend to exhibit similar behav-
ior to other sources of pool variation, including system and query
changes. This experiment also validates and generalizes prior work
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Figure 4: The confusion matrix for the relevance assessments
generated by GPT-4o compared against human assessments for
TREC 2020 (left) and TREC 2021 (right). While the agreement is
high for the 2020 topics, it is much lower for the 2021 topics. All
open-source models exhibited similar trends; Mistralwas typically
the most similar to the human assessors.

Figure 5: The confusion matrix for the relevance assessments
generated by GPT-4o compared against human assessments for
topic “13” in 2020 (left) and topic “85” in 2021 (right). We select these
topics as they receive the lowest correlation scores in each year.

that suggests that queries are as important as systems in pool di-
versity [56, 60, 61], which can affect the reusability of document
collections incorporating corpus variations.

4.2 LLM Judgment Quality
Our second set of experiments addresses the suitability of deploying
LLMs for the judgment task using our collection. In particular, we
examine the agreement between the human TREC assessors and
the rejudged labels using LLMs. We seek to answer the second re-
search question: how are LLM-based assessments influenced by the
underlying document representation and modality?

ConfusionMatrices. Figure 4 shows the confusion matrices for
GPT-4o assessments against TREC (human) relevance assessments
for both TREC 2020 and 2021 pools. To ensure a faithful comparison
against the TREC human assessors, this experiment uses the same
Spotify transcriptions as used in the original TREC Podcast track
for judgment. Although the LLM-generated labels appear to mostly
agree for the 2020 test collection, the 2021 test collection provides
a very different outcome. In particular, all LLM judges appear to
overestimate relevance for a large fraction of the pairs that human
assessors determined to not be relevant. This observation agrees
with prior work [31, 88], which demonstrate that LLMs are often
less strict than human assessors. However, we also note that both

Upadhyay et al. [88] andMansour et al. [58] provide evidence sug-
gesting that LLMs can often make inferences that may be missed by
humans, resulting in more accurate labels.

Pairwise and Run-Level Agreement. Table 2 and Table 3 (fo-
cusing on just the Spotify rows) show the inter-rater agreement
between each LLM and the human assessor, using Krippendorff’s
𝛼 [39, 49, 59] with an ordinal scale. Damessie et al. [26] showed that
a good crowd-sourcing study would be around 0.500 Krippendorff’s
𝛼 . For the 2020 test collection, the agreement score is exceeding
crowd-sourcing inmany instances and even approaching agreement
levels of human experts in the best case. Run-level agreement with
Kendall’s 𝜏 – using NDCG@10 to rank the systems – spans from
between 0.79 to 0.83 on the 2020 data, and from 0.60 to 0.70 on the
2021 data, representing a relatively strong run-level correlation (for
2020) and less correlation in 2021 as expected.

Why is agreement lower in 2021 than in 2020? Previous work
demonstrated that IR experts may agree with LLMsmore than the
original TREC assessors on high disagreement pairs [58]. In this
study, we investigate this further by computing the inter-rater agree-
ment between the human TREC assessors and each LLM assessor
on a per topic basis. Figure 6 represents the five agreement scores
(as we used five LLMs) per topic as a box plot, clearly showing much
higher agreement scores across topics in 2020 than in 2021. Another
interesting observation is the high variance in 2021 topics, meaning
the LLMs tend to disagree with each other more in 2021 than 2020,
probably due to more ambiguous information needs in 2021.

In Figure 5, we show how the confusion matrices of the topics
receiving the lowest correlation score in each year compared to the
the across-topic average confusion matrices reported in Figure 4.
It is evident that the distribution of the labels is different from the
average. LLMs clearly overrate relevance when humanmarked as
non-relevant, and this is more pronounced in 2021. It is worth men-
tioning thatwe checkedwhether the topic type (known item, topical,
etc) has any impact on the agreement scores and found that all topic
types have nearly the same agreement pattern, ruling this out as a
cause of disagreement.

We speculate that another possible reason for 2021 assessments
receiving low agreement scores is more nuanced or vague topic de-
scriptions. For example, the word “not” – used to calibrate the judge
on aspects that are not relevant to the information need – appears 15
times in 2020 vs. 36 times in 2021 topic descriptions. We believe that
this nuance may be difficult to capture by the LLM judges. To inves-
tigate further, we annotated 3 or 4 random pairs from 3 topics – the
topics receiving the lowest correlation scores – per year, totaling 39
pairs.8 The obvious findingwas ambiguity between the topic descrip-
tions and queries, and often insufficient context to be confident with
judgment (for things like “must be” or “can not”). This justifies why
LLM assessments were heavily different from human ones for some
topics, since we used only the topic descriptions for LLM judgment,
and not the queries. Although we, as humans, accessed the query
and description when annotating, we still could not be confident
aboutwhat should be relevant or not relevant. For example,while the
query of topic 81 in 2021was about “men’s fashion brands”, the topic
description did not mention anything about fashion ormen at all.

8We release this annotation with our reasoning in the shared codebase
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Figure 6: Inter-rater agreement as measured with Krippendorff’s 𝛼 between LLM and human assessments across each topic for 2020 and
2021 topics using the Spotify transcripts. Each box expresses the agreement of the LLM judge with the human assessor for each of the five
LLMs. The boxes are sorted in ascending order based on the average agreement, and are grouped by year.

Table 2: Inter-rater agreement as measured with Krippendorff’s 𝛼
between LLM and human assessments across each pair of judgments
on all ASR transcriptions for 2020 topics.

ASR GPT-4o Mistral Qwen Llama3 Gemma2

Spotify 0.589 0.596 0.495 0.545 0.529
WhisperX-large 0.587 0.586 0.503 0.547 0.535
WhisperX-base 0.590 0.596 0.502 0.553 0.532
Silero-large - 0.583 0.509 0.550 0.534
Silero-small - 0.576 0.504 0.519 0.533

Table 3: Inter-rater agreement as measured with Krippendorff’s 𝛼
between LLM and human assessments across each pair of judgments
on all ASR transcriptions for 2021 topics.

ASR GPT-4o Mistral Qwen Llama3 Gemma2

Spotify 0.144 0.148 -0.043 0.144 -0.057
WhisperX-large 0.118 0.142 -0.035 0.132 -0.036
WhisperX-base 0.137 0.147 -0.029 0.140 -0.032
Silero-large - 0.168 0.015 0.126 -0.029
Silero-small - 0.180 0.027 0.136 -0.005

4.3 Impact of ASR Variation on Judgment
Continuing this same line of investigation, this subsection explores
how the underlying text representation of the documents influences
LLM judgment. Following the same experimental setup as the previ-
ous section, we re-judge the TREC Podcast 2020 and 2021 relevance
pairs using the four alternative transcripts for the same audio seg-
ment – that is, the same query/segment pair is fed into each LLM,
but the document segment is varied according to each ASRmodel.
We demonstrate the per-pair agreement with humans across all
transcripts on the 2020 and 2021 data in Tables 2 and 3, respectively.

Surprisingly, we see only a subtle difference in agreement scores
across all used transcriptions (with the same LLM judge), even for
low-quality ASR like Silero-small. This observation suggests that
LLMs are robust in judging relevance, even in the presence of errors
or noise in the transcripts. Furthermore, we note that correlation
varies substantially more across LLMs (with a fixed ASR transcript),
and that the highest agreement scores were achieved by Mistral,

followed closely by GPT-4o. This variance can be attributed to un-
derlying differences in the LLMs, such as the number of parameters,
quantization levels, and training data. We also found that the distri-
bution of labels was consistent regardless of the ASR used to make
the judgments, confirming the above results.

4.4 Impact of Transcript Modality on Judgment
Our previous experiment assumed the LLM judges would operate
directly on the ASR text representation of each document for judg-
ment. However, given that the raw audio is available, it is possible to
provide the audio directly to the LLM judge. Furthermore, we also
experiment with the inclusion of the podcast episode metadata as
further evidence and additional context for the LLM judge [19].

Since the previously used LLMs do not natively support audio,
we used the multimodal Gemini-2.5-Pro [24] (the top-performing
audio LLM on Stanford HELM leaderboard9 [52]) as a SOTA closed
model, and the audio-based Audio-Flamingo-3-hf [37] and Kim
i-Audio-7B-Instruct [27] as SOTA open models. Following the
previous experimental setup, we then re-judged the TREC Podcast
assessments using a variety of settings.10

Table 4 shows the results on the 2020 data.11 Firstly, it is evident
that the open-source LLMs have very weak levels of agreement
against the TREC assessments. This is likely due to the window-
based context applied by bothmodels, whichmay reduce the quality
for longer segments such as those used in our experiments. We find
that these models are more inclined to over-rate relevance as com-
pared to the other text-based LLMs, with a much higher proportion
of ‘1’ labels (and only around 30% of the entire set of pairs judged as
non-relevant). Secondly, we observe that the Geminimodel is quite
consistent irrespective of the modality applied, with the strongest
agreement to the human assessors in the text+metadata setting.

Next, we explored the consistency of the Geminimodel under dif-
ferent modalities by measuring Krippendorff’s 𝛼 between all pairs
of modalities. Interestingly, the consistency levels were all in the

9https://crfm.stanford.edu/helm/audio/latest/#/leaderboard
10Our prompt was modified slightly to reflect these changes in modality. All prompts
are available in our codebase.
11Given the aforementioned issues with the stability of the 2021 data, we omit it for
brevity. All data is available in our codebase.
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Table 4: 2020 judgments correlation between human and text and
audio LLMs. The prompts and metadata are always provided as text.
The text modality uses the Spotify transcript. GPT-4o is used as
a representative from the prior experiment in Table 2.

Model Modality Metadata Krippendorff’s 𝛼
GPT-4o Text 0.589
Flamingo-3 Audio 0.113
Kimi-Audio-7B Audio 0.239
Gemini-2.5-pro Audio 0.585
Gemini-2.5-pro Audio ✓ 0.591
Gemini-2.5-pro Text 0.588
Gemini-2.5-pro Text ✓ 0.605

high reliability range; the lowest value observed between the Au-
dio+Metadata and Text modalities (𝛼 =0.868); and the highest value
(𝛼 =0.909)was observed between theText andText+Metadata setting.

Detailed analysis of the extremedisagreementsbetween theTREC
assessors and the LLM judges revealed some interesting failure cases.
For example, one segment for the query “Nefertiti” had a human
assessment of 0 (not relevant), an audio-based label of 1 (partially rel-
evant), and a text-based assessment of 3 (highly relevant). The audio-
basedassessmentwas justifiedby the fact that the “firstminuteof this
audio clip is advertisements”which demonstrates utility in the audio
modality to capture temporality– the text-basedassessmentdoesnot
require listening through a minute worth of ads. Interestingly, the
justificationprovidedby the sameLLMunder the textmodalitynoted
“a brief advertisement” was observed before the segment content.

The sum of these findings is that LLM judgment is not greatly sen-
sitive to the modality of the document, and that the judgments made
by Gemini remain broadly consistent across modalities. However,
different presentation modalities can give rise to different interpre-
tations of relevance. It would be useful for future work to examine
the alignment between the true user experience and the way the
relevance assessment is conducted.

4.5 Impact of ASR Variation on Systems
In the previous subsection, we demonstrated that the transcript
variation has no impact on LLM-generated judgments. Next, we
are interested in exploring whether this variation influences the
retrieval effectiveness, and how judging the holes in the original
collection changes the IR system performance.

Towards answering this question, we evaluate our pool systems
using the original TREC Podcast labels and the Mistral labels. We
report the results using NDCG@10 [42] and RBP with 𝜙 =0.9 [62]–
see Table 5. The first interesting observation is that all systems re-
ceive a significant increase in RBP score regardless of the transcript
used. This is mainly attributed to judging previously unjudged docu-
ments, anddemonstrates the importance of reporting residualswhen
unjudged documents are present. Another observation is the remark-
abledeclineofNDCG@10scores across all transcripts. This is primar-
ily attributed to the fact that when LLM judged the holes, it marked
many segments with varied graded relevance, increasing the ideal
DCG (denominator of NDCG) and causing a decline in the scores.

Comparing across the WhisperX-large and Silero-small tran-
scriptions, we observe a remarkable decline in overall system perfor-
mance for Silero-small. For example, the RBP score for the system
ranked 2with human on WhisperX-large is 0.538, and it goes down
to 0.426 on Silero-small. In turn, these changes propagate to sys-
tem ordering as shown by the rank delta columns, suggesting that
the ASR model can have a significant impact on system orderings,
suggesting careful consideration of the chosenASR transcriptswhen
designing retrieval pipelines.

4.6 System Effectiveness under Variation
Our final experiment seeks to understand why systems vary un-
der both query and transcript variations. To achieve this, we ran all
query variants across all systemsusing thefive available transcripts –
resulting in a total of 5745×17×5=488,325 NDCG@10 observations
– and then examined the distribution of per-topic performance.

Figures 7a and7bpresent two interesting failure cases. First, in Fig-
ure 7a, it is evident that query variance has a huge impact on systems’
performance. While the query provided by TREC (67: “pros and cons
ofubi” ) isdifficult formanysystems in thepoolwithvariabilityacross
transcripts, thequeryvariant “67_2071” (“universalbasic incomeview-
points” ) ismucheasier irrespectiveof the transcript applied.Variance
in both query variations and transcripts is observed across the board.

Figure 7b captures a more interesting failure case for query 99
“Samin Nosrat.” Surprisingly, nearly all systems received a zero score
on the Spotify and Silero transcripts, independent of the query
variant; scores are highly varied on the remaining transcripts, with
WhisperX-large resulting in higher scores than WhisperX-base.
Investigating further, we found that the entity Samin Nosrat was
never transcribed correctly in the Spotify or Silero transcripts,
so systems could not retrieve relevant segments. Since this topic
and transcript were used in the official TREC 2021 Podcast track,
we examined the overall system performance of the official runs. As
expected, all systems failed to retrieve any relevant segment except
for a few runs that used the metadata in their pipelines. For example,
Hofstätter et al. [40] (the top team) prepended the episode title to
all transcribed segments before indexing. Since the metadata was
written by humans and the query words appear in the episode name,
metadata can solve the transcription issue for this topic.

5 Conclusions
This study challenges the prevailing single-transcript paradigm in
spoken document retrieval, using the TREC podcast track as a start-
ing point. By conducting a large-scale sensitivity analysis across five
ASRmodels, 6,000 query variations, and 1.8 million relevance judg-
ments, we have demonstrated that current evaluation standards are
brittle in the face of transcription noise. Our analysis reveals the fol-
lowing critical implications for the community: (a)We illustrate that
the quality of the transcriptionmodel has a significant impact on the
downstream systems, potentially leading to biased test collections
if not handled with care; (b) We show that variations in queries, sys-
tems, and transcripts have considerable impacts on pools’ diversity,
suggesting a reusable audio collections should consider these varia-
tions to create a diverse and deep pool; (c)We demonstrate that LLM-
based assessment remains robust to noise in transcriptions, even
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Table 5: Evaluation of the pool (with NDCG@10 and RBP with 𝜙 =0.9) created using human and Mistral assessments on representative
transcripts for the 2020 title queries. Systems are ordered on the human assessments with NDCG@10. Residual values for new transcripts
are omitted because they are always approximately zero – the pool has no unjudged documents. The Kendall’s 𝜏 between the human and
WhisperX-large orderings, and between the human and Silero-small orderings, is 0.750, and 0.662, respectively.

System Human WhisperX-large Silero-small

NDCG@10 RBP Δ Rank NDCG@10 RBP Δ Rank NDCG@10 RBP
(1) BM25+MonoT5+RankZephyr 0.471 0.309 + 0.199 ↓2 0.309 0.524 ↓1 0.272 0.457
(2)ColBERT-v2+MonoT5+RankZephyr 0.458 0.299 + 0.280 − 0.315 0.538 ↓1 0.257 0.426
(3) SPLADE-v3+MonoT5+RankZephyr 0.451 0.289 + 0.304 ↑2 0.316 0.541 ↑2 0.290 0.471
(4)DPH+MonoT5 0.440 0.293 + 0.162 − 0.291 0.501 ↓1 0.252 0.430
(5) BM25+RM3+MonoT5 0.434 0.288 + 0.159 ↓2 0.285 0.495 ↓1 0.251 0.430
(6) BM25+MonoT5 0.430 0.288 + 0.160 ↓2 0.285 0.495 ↓1 0.250 0.428
(7)ColBERT-v2+MonoT5 0.410 0.274 + 0.246 ↑2 0.287 0.501 ↓2 0.238 0.406
(8)ColBERT-v2 0.400 0.268 + 0.234 ↓1 0.283 0.486 ↓3 0.225 0.368
(9) SPLADE-v3+MonoT5 0.398 0.271 + 0.252 ↑4 0.288 0.507 ↑5 0.260 0.438
(10) SPLADE-v3 0.396 0.265 + 0.271 − 0.279 0.485 ↓1 0.233 0.388
(11) SPLADE++ 0.384 0.251 + 0.298 ↓1 0.259 0.455 ↓1 0.212 0.351
(12)DPH 0.341 0.240 + 0.114 ↓2 0.241 0.421 ↓1 0.203 0.343
(13) PL2 0.340 0.245 + 0.115 ↑1 0.242 0.427 ↓3 0.188 0.331
(14) BM25 0.340 0.244 + 0.095 ↓1 0.237 0.420 ↓3 0.187 0.331
(15) BM25+RM3 0.330 0.238 + 0.138 ↑1 0.239 0.428 ↓2 0.201 0.351
(16) BGE-large-en-v1.5 0.320 0.221 + 0.498 ↑5 0.270 0.478 ↑8 0.240 0.408
(17) BGE-m3 0.258 0.178 + 0.576 − 0.230 0.408 ↑3 0.203 0.343
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(b)Query 99: Samin Nosrat

Figure 7:NDCG@10 scores across 8 random variants of two queries and five transcripts. The official title query is the leftmost in each plot.
In the left plot, we observe large effects due to the query variant used, and that this effect is not consistent across transcription models. In
the right plot, we observe that transcription errors can result in no relevant documents being retrieved regardless of the query variant used.

when the quality ismarkedly reduced, and that the inclusion ofmeta-
data can improve the quality of both ranking and judgment, espe-
cially for named-entity queries andwhenmetadata quality is reliable;
(d)Weprovideempirical evidence thatmultimodal judgment–where
the LLM evaluates the raw audio rather than the transcript itself –
can successfully resolve some edge cases where the ASR model fails,
though the judgment remains mostly consistent betweenmodalities.

The resources generated by our work can be used for a number of
IR tasks, includingad-hocpodcast retrieval, efficiencystudies, explor-
ing and validating document judgment using large languagemodels,
and experimentation on retrieval consistency, where both query

and document content can dramatically vary for the same underly-
ing information. Ultimately, our work demonstrates that as podcast
searchmatures, our evaluation instrumentsmust evolve from simple
text-matching tasks to robust, multimodal listening tasks.
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