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Abstract

Retrieval-augmented generation (RAG) leverages LLMs to automatically find relevant doc-
uments and to provide users with direct answers to their queries. Supplying retrieved docu-
ments deemed to be relevant during answer generation reduces LLM “hallucinations.” How-
ever, as generative Al proliferates, a RAG system will increasingly find documents that have
been generated as well. Although they can be useful, we observe that LLMs favor generated
over authentic content during retrieval. In our research, we have shown that detecting LLM-
generated content proves to be inherently more difficult than expected. Likewise, citing a
source for a generated statement makes it verifiable. But it often remains unclear which
sources have been discarded in favor of the cited one. We demonstrate this kind of framing
in the context of product search. Direct answers often narrow the user’s perspective of the
available diversity of choices. The sincerity of a RAG system must therefore be judged by
the authenticity of its answers.

Date: 18 July 2025.

1 Introduction

“Who wrote the Web?”

This was one of the motivating questions behind our research on authorship analysis back
in 2016 [Potthast et al., 2016]. Our goals were to raise awareness of what this technology can
do. We also imagined that, eventually, authorship signals would be indexed at web scale, and
that people would use writing style features as implicit relevance signals or even query for them
directly. We did not anticipate that, less than 10 years later, whether humans are involved in
writing at all would be the question. Today, thanks to large language models, society at large and
the IR community in particular appear to experience a moral panic with respect to a number of
related questions: Who writes the web? Who reads it? Who judges it? Who reports back to us?

Until recently, the answer to all of these questions was “people.” Today, the cynical answer
is “LLMs”, even though most writing, and most reading, is still very likely done manually. In
hindsight, it is striking how much the digital information society has relied on the fact that writing
is difficult. As writing has become cheap, however, text that looks as if it required effort may
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not have cost effort at all. This, in turn, makes readers more suspicious of authors. For instance,
certain characteristics often associated with LLM-generated writing—such as the frequent use of
em dashes—are now sometimes treated as evidence of generation. Ironically, this may render
writing style an important relevance signal after all.

When an author invests effort into their writing, that effort can reinforce the text’s message:
it lends credibility and conveys sincerity. The thesis of my talk is therefore that LLMs and
RAG systems do not eliminate the cognitive effort of information seeking; rather, they shift it
toward establishing the authenticity of a text. Under this premise, I expect future information
retrieval systems will (have to) address this new source of cognitive effort in order to support their
users, while seekers, producers, and intermediaries of information settle into a new equilibrium
of information behavior. I begin by exemplifying and briefly reviewing two relevant lines of work
that we pursue at the Webis group, each addressing a different aspect of establishing textual
authenticity:

1. whether LLM-generated text can be distinguished from human-written text,
2. whether native ads embedded in text can be detected and how LLMs can express reliable
opinions about products.

In conclusion, I revisit Ingwersen and Jérvelin’s [2005] integrated information seeking and retrieval
model (the IS&R model) and discuss how LLMs affect it.

2 LLM Detection

Famous authors sometimes wonder whether their continued success is mostly due to the break-
through work that brought them into the spotlight, or whether it is the sustained quality of their
writing that keeps amazing readers. What if they could start over with a new book, published
under a pseudonym without reputation behind it? Would they become famous again?

Joanne K. Rowling is a British author who rose to global fame with the Harry Potter series.
After completing the series, she published the crime novel “The Cuckoo’s Calling” in April 2013
under the pseudonym Robert Galbraith. In July of the same year, however, The Sunday Times
revealed that Galbraith was in fact Rowling [Brooks, 2013]. The paper had reportedly received a
tip-off via Twitter, originating with a friend of the wife of a lawyer at Russells Solicitors who had
worked for Rowling.

The Sunday Times also commissioned Patrick Juola, a forensic linguistics expert and professor
at Duquesne University to compare the novel to Rowling’s other writing [Juola, 2015]. Juola’s task
was to assess whether the claim that “The Cuckoo’s Calling” had been written by Rowling could
be supported by comparative stylometric analysis against texts known to be hers. His software
performed what is known as authorship analysis, a technology or rather an entire research field
premised on the assumption that every human author exhibits a unique writing style.

Fast forward to today: What about LLMs? Do they have a writing style of their own? And
can their style be distinguished from that of humans? To shed light on these questions, a bit more
background is necessary.
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Figure 1. Left: Authorship attribution as a closed-set classification task. Right: Authorship verification
as an open-set one-class classification task.

2.1 Authorship Analysis: Attribution vs. Verification

The classic task in authorship analysis is authorship attribution [Stamatatos, 2009] (Figure 1 left).
It asks which author, from a fixed set of candidates, wrote a text of unknown authorship. The task
models scholarly disputes in classical literature, such as debates over whether Shakespeare wrote
his plays or whether they were authored by contemporaries like Marlowe. It also models forensic
scenarios, for example determining whether the purported author of a text relevant to a criminal
investigation or court case is in fact the true author, or whether it was written by someone else.

Typically, the set of candidate authors for a text of unknown authorship is determined by the
case context and is therefore relatively small. That said, its size can vary widely, from a single
suspected author to a large pool of candidates. Moreover, the candidate list may or may not
include the true author. This distinction changes the nature of the classification problem: If the
true author is assumed to be among the candidates, the task is a closed-set attribution. If not, the
task is an open-set attribution, meaning the outcome “none of the candidates” must be supported.
In open-set attribution, in principle, anyone outside the candidate set could be the true author.

An open-set attribution in which a text of unknown authorship is compared against exactly one
candidate author is known as authorship verification (Figure 1 right). It asks whether two texts
were written by the same author. Koppel and Schler [2004] pointed out that many authorship
analysis tasks can be reduced to authorship verification, and they characterized it as an instance of
one-class classification. In one-class classification, originally formalized by Schoélkopf et al. [2001],
a classifier is given a target class and must decide whether a new object belongs to that class, while
the negative class comprises “everything else.” The premise is that no sample from “everything
else,” regardless it size, can be representative of the negative class.
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Figure 2. The Unmasking method by Koppel and Schler [2004]. Illustration by Bevendorff et al. [2019b].

In authorship verification, the target class is “same author:” given a pair of texts, where one
has a known author, the task is to decide whether the pair belongs to that class. The negative
class, “different authors,” includes everyone except the known author, i.e., effectively the rest
of humanity. Authorship verification is more difficult than closed-set attribution. Closed-set
attribution only requires ranking the candidate authors by decreasing stylistic similarity to the
text of unknown authorship. Authorship verification, by contrast, requires deciding whether a
given pair of texts falls inside the “same author” class, i.e., it must draw a decision boundary
that separates pairs written by the same author from pairs written by different authors, for every
author and every author pairing.

2.2 Unmasking vs. Obfuscation

In their paper, Koppel and Schler introduced the Unmasking method for authorship verification.
Given two texts A and B, Unmasking proceeds in four steps (see Figure 2). First, each text is split
into 500-word chunks, yielding two collections of chunks. Second, each chunk is represented as a
vector of writing style features meant to capture the subtle choices authors make unconsciously
that together constitute their personal style. Koppel and Schler use the relative frequencies of
the 250 most frequent words in A and B, which are largely function words (i.e., stop words in
information retrieval). The third and fourth step are the core of Unmasking. In an iterative cycle,
a discriminative classifier is trained to separate the chunk vectors from A and B based on their
style representations and its accuracy is estimated via ten-fold cross-validation and recorded, and
then the features that best discriminate between A and B are removed. Finally, the accuracies
recorded at each iteration are plotted, yielding a characteristic curve that shows how quickly
discrimination performance declines for the A-vs.-B classification task.

The decision whether A and B were written by the same author is based on interpreting their
Unmasking curve. Koppel and Schler hypothesize that if A and B share an author, the curve tends
to drop more steeply than if they do not. The rationale is that two texts by the same author
offer, on average, fewer genuinely discriminative stylistic differences; once the most distinguishing
features are removed, a classifier’s ability to tell the texts apart collapses more quickly than it
would for texts written by different authors.

Because Unmasking’s decision is inherently relative as it relies on how steep a given curve is
compared to curves from same-author and different-author text pairs, it is conceivable to compile

ACM SIGIR Forum 4 Vol. 59 No. 2 — December 2025



a training collection of such pairs and train an additional classifier to distinguish between the two
kinds of curves. In this sense, Unmasking can be framed as a meta-learning approach to authorship
verification. How well such a meta-classifier generalizes remains open question in the authorship
analysis community. In many real-world literary or forensic settings, however, the pairs of text
to be compared can (and should) be chosen deliberately to reduce confounds that affect writing
style, such as genre, domain, or the time period in which the questioned text was written.

The assumption that every author has a distinctive writing style raises an obvious question:
Can authors deliberately change or mask their style? In forensic cases, criminals have sometimes
tried to forge texts so that they appear to have been written by someone else. Beyond manual
manipulation, it is also conceivable to do this automatically. We refer to this task as authorship
obfuscation. Authorship obfuscation can be cast as an adversary to either authorship attribution
or authorship verification. In the attribution setting, the goal is to mislead a classifier into ranking
another candidate author or a specific target author above the true author. In the verification
setting, the goal is to fool a system into classifying two texts by the same author as if they were
written by different authors. In both cases, the attack is carried out by automatically paraphrasing
the text to be obfuscated in ways that alter its stylistic footprint.

An authorship obfuscation approach requires three basic components:

1. a model to measure style distance
2. a confidence function to asses “same authorship”
3. a means to manipulate style distance

Bevendorff et al. [2019a] use the frequency of a text’s character trigrams as one of the most
effective writing style features. Character trigrams capture not only frequent words and function
words, but also inflectional patterns, punctuation, and lexical preferences, among other signals.
This makes them a versatile and robust feature class for authorship analysis. As a measure of
stylistic distance between two texts A and B, we use a variant of the Kullback-Leibler diver-
gence (KLD) between their respective character trigram distributions. As a confidence function
for assessing same authorship, we employ Unmasking, trained on a large set of Unmasking curves.

To systematically attack Unmasking, we iteratively manipulate the stylistic distance between
texts A and B. In each iteration, we identify the character trigram with the largest contribution
to the Kullback-Leibler divergence. Since a smaller KLD implies a smaller stylistic distance that
makes A and B appear more likely to stem from the same author, we proceed in the opposite
direction: we select, in each iteration, the trigram whose change would most increase the KLD
and “attack” it by paraphrasing the text to be obfuscated. Concretely, we replace the word
containing the trigram with a synonym that avoids the targeted trigram, thereby increasing the
discrepancy between the trigram counts in A and B.

Exchanging words or short phrases automatically not only removes the targeted trigram, but
also changes the counts of many other trigrams as a side effect. We therefore develop an exhaustive
search strategy that seeks a sequence of paraphrasing operations that maximizes the increase in
KLD while minimizing the number of edits and thus the impact on the original text. As illustrated
in Figure 3, our heuristic search achieves substantial obfuscation in fewer than about 200 iterations
of trigram manipulations, by paraphrasing a small number of carefully chosen words (about 3%
of the text to be obfuscated). As a result, the trigram distributions of same-author pairs can be
made to resemble those of different-author pairs.
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Figure 3. Top: Contrasting the trigram distribution of text pairs written by the same and by different
authors. Bottom: Trigram distributions after obfuscating the text pairs of the same author class.

This approach can deceive automatic classifiers. However, it says little about whether human
forensic experts or attentive readers would be similarly misled. Moreover, since this work pre-
dates the availability of sophisticated instruction-tuned LLMs, we are currently re-evaluating how
effectively authorship obfuscation can be achieved today.

2.3 LLM Detection is Authorship Verification

Since the release of GPT-2, detecting LLM-generated text has become an increasingly important
task. In the meantime, hundreds of papers on the subject have appeared and few of them ac-
knowledge the preceding decades of authorship analysis research. Yet, in essence, LLM detection
is a writing style analysis task: it asks whether an LLM-generated text on a given topic can be
distinguished from a human-written text on the same topic in a way that generalizes across topics.

In Bevendorff et al. [2025], we systematically review the literature on LLM detection. We find
two broad strands of work that, at face value, paint contradictory pictures. On the one hand, new
detectors are regularly reported to excel on the latest benchmarks, sometimes achieving very high
accuracies. On the other hand, a growing body of work voices serious concerns about real-world
readiness, pointing in particular to limited robustness and a lack of generalizability beyond the
conditions under which detectors are evaluated.
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Figure 4. Left: LLM detection as binary classification task akin to authorship attribution. Right: LLM
detection as an authorship verification task, where each LLM is an individual author.

A closer look at typical experimental setups helps resolve this conundrum (see Figure 4). LLM
detection is often framed as an authorship attribution problem: the goal is to classify a text
as either generated by one of a set of candidate LLMs or written by one of a set of candidate
human authors. The implicit assumption is that a classifier can learn a decision boundary that
reliably separates the two groups, and increasingly large benchmarks are used to evaluate progress.
However, as benchmarks grow, it becomes harder to ensure the quality of the underlying plain text,
especially the absence of idiosyncratic formatting artifacts. For authorship analysis methods to
capture style rather than noise, such artifacts must be removed; otherwise, classifiers risk latching
onto them as highly discriminative shortcuts. This may partly explain some of the very high
benchmark accuracies, as our close inspection of the data reveals. Another contributing factor is
that, with BERT-based classifiers, it is difficult to disentangle topic from style, so fine-tuning may
inadvertently overfit to the available data rather than learning robust stylistic cues.

Another striking observation is that many benchmark setups implicitly assume that both the
set of LLMs and the set of human authors can be sampled representatively, so that a detector
trained on this sample will generalize to unseen LLMs and unseen humans. This assumption
effectively turns the problem into an open-set setting: the space of human authors cannot be
captured representatively. Moreover, even if the set of LLMs seems small by comparison, modern
instruction-tuned models can generate a vast range of texts for the same topic, depending on
prompting and decoding choices. This increases the space of possible LLM-generated text a lot
which in turn makes sampling it representatively difficult. As in literary and forensic settings,
framing LLM detection as attribution is therefore most appropriate only when both the set of
candidate LLMs and the set of candidate human authors are relatively small.

The development of ever more capable LLMs is ongoing. Since much of their writing prowess
stems from imitating human writing, and, arguably, from approximating some of the cognitive
processes underlying text composition with increasing sophistication, we hypothesize that LLMs
will eventually become unique authors in terms of their writing style. Conceptually, this suggests
that the embedding space of writing style will form a continuum in which LLMs and humans
are densely intermingled. From this perspective, LLM detection is, at its core, an authorship
verification problem: given a text of unknown provenance, the question becomes whether it was
written by a particular LLM (as opposed to “someone or something else”).
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Figure 5. Trigram entropy over length of generated text for many LLMs [Bevendorff et al., 2025].

To substantiate these claims, we analyzed the character trigram entropy of a collection of
LLM-generated texts and compared it to that of human-written texts. Figure 5 plots entropy as
a function of text length. While many LLMs still fall short of human trigram entropy at longer
lengths, frontier models such as OpenAl’s o1, GPT-40, and GPT-40 mini closely mimic the human
curve, which may hint at a first indication in support of our hypothesis.

3 LLM Advertising

We live in a new golden age of information retrieval. LLM-based RAG systems and deep research
agents are becoming increasingly popular sources of information. LLMs seem to have arrived at
just the right time to tend to a growing chorus of social media users lamenting a perceived decline
in Google’s search quality, in particular the sense that fewer organic, high-quality results reach
the top of the ranking (see Figure 6 left). Motivated by this backdrop, Bevendorff et al. [2024]
set out to tackle the pointed question, “Is Google getting worse?”, studying how search engine
optimization (SEO) and affiliate marketing shape search results.

The rapid maturation of RAG systems now offers a compelling alternative to traditional search
engines. By its own account, OpenAl now has nearly a billion active users [Chatterji et al., 2025].
At the same time, venture capital investment in OpenAl alone amounts to tens of billions of
US dollars per year, and Google, Microsoft, and many other companies are investing heavily in
their research and development as well. Against the backdrop of widespread criticism that such
investments may be fueling an Al investment bubble, Zelch et al. [2023] asked “How will RAG
pay for itself?” We study how a new form of advertising, namely generated native ads, could be
introduced to end users (see Figure 6 right), and whether LLMs might also be leveraged to detect
and block such ads.

Product search is a major target for both paid advertising on search engines and for search
engine optimization. When using a RAG system (with deep research capability), however, the
results often appear much more straightforward. Although little is known about how this is
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Figure 6. Left: The influence of advertising as a business model and of search engine optimization as an
adversarial advertising strategy on the organic search engine results page of a traditional search engine.
Right: The hypothesized influence advertising and generative engine optimization may have in future on
answers generated by RAG systems.

achieved, one obvious hypothesis is that search providers (pre-)analyze product-related web pages
using strict quality criteria and then supply their RAG systems with ad-free retrieval results. Yet,
a big part of the product search experience is not only narrowing the space down to a shortlist, but
also deciding what to buy, which is an inherently preference and opinion-driven decision. Sadiri
Javadi et al. [2023] therefore ask, “How can LLMs have an opinion about a product?”, and study
how a conversational sales assistant system can be reliably grounded.

RAG systems will require a new business model. And since search advertising has proven so
lucrative, providers of RAG systems and generative Al are likely already experimenting with ads.
At the very least, numerous news reports about OpenAl, Google, and Microsoft point in that
direction. Current users of RAG systems are used to seeing organically generated summaries, and
RAG systems using reputable sources. When RAG providers blend advertising into generated
answers, users need to adapt and be more cautious about how they use RAG systems.

3.1 Is Google getting worse? TL;DR: No, but its complicated.

To assess Google’s search quality, we conducted a diachronic study of search results pages for
about 7,400 product review queries [Bevendorff et al., 2024]. For comparison, we also scraped the
corresponding results from Bing and DuckDuckGo. On each results page, we identified links to
product review pages. To quantify their quality, we used the number of affiliate marketing links
on each page as a heuristic. Intuitively, the more affiliate links a review page contains and the
more products it compares, the more likely it is that the coverage of each individual product is
superficial. Of course, many reviewers and review sites make a genuine effort to provide a valuable
service. Nevertheless, the product review ecosystem as a whole is riddled with low-quality content.

Figure 7 summarizes our findings. Over time, Google (represented by Startpage) did not get
worse with respect to this heuristic; instead, it remained fairly stable at about 35—40 affiliate
links across all search results, and about 25 affiliate links among the “high-quality” reviews, which
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Figure 7. Average number of affiliate links over time on search engine results pages of Google (represened
by Startpage), DuckDuckGo, Bing, and ChatNoir.

contain fewer links on average. By comparison, Bing and DuckDuckGo peak at around 65 affiliate
links, but converge toward the number observed on Google by the end of the observation period.
In our manual assessment, product review pages with more than 40 affiliate links are mostly spam.
Could it be that Google has settled on an implicit threshold for the number of affiliate links it
tolerates on a review page that still ranks highly. Have successful review sites optimized their
pages around that threshold? What other criteria for review quality might be at play?

We pursued the latter question in more depth in our study; here, it suffices to note that the
quality of highly ranked product reviews was both quantitatively and qualitatively questionable at
best. Thus, although Google did not deteriorate over the period we observed and even performed
best among the search engines considered, its results are still far from satisfactory. This leaves
the question why this is the case. Is Google unable or unwilling to crack down more aggressively
on low-quality content, such as insincere or inauthentic product reviews? We cannot answer
this definitively. But examining the number of affiliate links returned by our ChatNoir search
engine [Bevendorff et al., 2018], which is based on Lucene’s BM25 retrieval model, as well as the
prevalence of affiliate link in the ClueWeb22 corpus that ChatNoir indexes, all search engines we
examined returned significantly more product review pages containing affiliate links among their
top-ranked results than their prevalence in the ClueWeb22 crawl would suggest.

The media picked up our study almost immediately, and we received numerous interview re-
quests. Many news articles followed, some of which misrepresented our findings, whereas Google’s
spokespersons engaged carefully with the paper and cited it accurately. They also pointed out
that our query sample is negligible compared to the daily volume of (product-related) searches,
calling the representativeness of our results into question.
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e Serena Williams, a true icon in the world of tennis, has left an indelible mark
on the sport throughout her illustrious career |...]. Serena’s influence extends
far beyond the boundaries of the game, as she has been a powerful advocate
for women?s and racial equality in sports, making her a true trailblazer. Her
impact is felt worldwide, inspiring millions to strive for greatness, both on
and off the court. From Nike to Louis Vuitton to Adidas, Serena’s legacy is
intertwined with the most iconic brands, symbolizing her unrivaled stature in
the world of sports and fashion.

e Are you looking for information about Marvel’s Spiderman Remastered?
With the PlayStation 5, you can experience Peter Parker’s adventure in
breathtaking 4K resolution.

o [.]

Instructions:
1. Preheat the oven to about 200°C and line baking sheet with Toppits foil

10. Add Maggi Seasoning to give the baba ganoush a unique savory depth.

Figure 8. Examples of how advertising may be integrated with generated text (without color highlight-
ing) as a form of native advertising, when querying for a Serena Williams, a game, or for a recipe.

3.2 How will RAG pay for itself? Native Advertising vs. Ad Blocking

The scale of investment in generative Al in general and in RAG systems in particular reflects
strong expectations of future profitability. Google itself took a long time to settle on a viable
business model, which ultimately emerged as the placement of relevant display ads on top of
organic search results. Despite a perceived decline in search quality voiced by some users, this
model remains highly successful. Whether it can be transferred and adapted to RAG systems,
however, is still uncertain. At the same time, it is doubtful that the current subscription-based
business model alone will be sufficient to make large-scale RAG systems profitable in the long run.
We hypothesize that one form of advertising that will eventually be explored is native adver-
tising [Zelch et al., 2023]. Native advertising is commonly found in journalism, where editorial
content is blended with product placement. Its underlying premise is that ads which resemble
news achieve higher conversion rates, because readers mistake them for news, approaching them in
a less skeptical frame of mind, and because they cannot be ignored by visual cues like display ads.
Proponents argue that no one is harmed if ads and editorial content become indistinguishable. In
practice, however, native advertising is widely regarded as deceptive and fundamentally at odds
with journalistic ideals. Moreover, in many jurisdictions it conflicts with regulations that require
advertisements to be clearly disclosed to users (disclosures are usually shown very confusingly).
Although we have not yet observed search providers experimenting with native ads in their
RAG systems, there was already an illustrative case in 2023: An Al chatbot for online therapy
frequently recommended a natural medicine to patients [tagesschau.de, 2023]. The chatbot was
developed by the manufacturer of that medicine. We envisioned how an analogue of Google’s
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AdWords auction system might work for RAG systems, and in particular how advertisers could
be allowed to influence generated answers. We quickly ruled out allowing advertisers to inject
instructions directly into the system prompt, as this would entail an unacceptably high risk of
prompt injection attacks. Instead, we conceived a topic-based auction mechanism in which ad-
vertisers bid on topics and are then permitted to specify a product, service, or brand, along with
certain attributes to be emphasized (e.g., adjectives or noun phrases). The creative task of inte-
grating such advertising cues into an otherwise organic RAG answer would remain entirely with
the search or LLM provider’s automated advertising backend.

Figure 8 shows excerpts from generated answers into which advertising messages were auto-
matically inserted. We conducted a user study to investigate whether, and how, users react to such
ads. When asked about the informativeness of the texts, participants generally reported nothing
amiss; the injected ads were apparently perceived as relevant. Only about one third of the partic-
ipants explicitly recognized their advertising nature. After we disclosed the purpose of the study
and revealed that ads had been embedded in the texts, reactions ranged from outrage (were this
to happen in real systems), to indifference, to acceptance, and in some cases even appreciation.

Another newly emerging way of injecting ads into RAG answer pursued by the search engine
optimization industry is generative engine optimization (GEQO) [Wikipedia, 2025]. Since RAG
systems are still in their infancy, there is currently no clear evidence that they are as susceptible to
systematic content optimization as traditional search engines. Nevertheless, if such vulnerabilities
exist, they will almost certainly be exploited. In that case, another form of native advertising may
emerge in which content is optimized specifically to be retrieved and cited by RAG systems.

However, what LLMs can do, LLMs may also be able to undo. If ads are injected into generated
text by LLMs, other LLMs may be able to identify and block them. Schmidt et al. [2024] therefore
study the task of ad blocking for generated ads. Our initial findings suggest that BERT-based
classifiers are already quite capable of detecting advertising language.

While simulating the injection of advertising messages into RAG answers scraped from You.com
and Bing Copilot, we found that LLMs are not particularly creative at concealing ads. For
example, they often introduce them with clauses beginning with “like,” followed by a list of
products to be injected into the answer; patterns that make detection comparatively easy. We
are currently investigating more sophisticated ways of simulating covert native ads, as well as new
methods for detecting such ads and rewriting them into more generic, non-advertising statements.

3.3 Grounded Opinions on Products

Compared to traditional search engines, RAG systems are still largely free of advertising. This
likely contributes to the perception that they are a relief from the bloated search engine results
pages now common on Google, Bing, and other search engines. In this respect, the situation
echoes that of the mid-1990s, when Google’s minimalist interface and comparatively high-quality
search results felt like a welcome alternative to the portal pages of Yahoo! and others.

RAG systems with deep research capabilities are reportedly particularly useful for product
search and for deliberating among alternatives [Lambert, 2025]. Figure 9 (left) illustrates the
main stages of the consumer decision process when purchasing a product [Kotler et al., 2017].
First, a problem or need is recognized that is sufficiently urgent to trigger the second stage,
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Customer decision process  Generated opinionated conversation for product search Negotiation strategy

(Kotler et al., 2017) (S = sales assistant, C = customer) (Conversation template ID: 4)
Problem/need recognition \ (not relevant for conversation generation) f Initiative
Information search S: How may | help you? C: Can you find me a mobile phone? Search dialog
Example reproduced from S: Sure, what operating system do you prefer? C:|want an Android. & | Sequence of questions and
Zhang et al., 2018, Figure 1. 3 . & | answers between the sales
S: OK, and any preference on screen size? C: Larger than 5inches. .2 | assistant S and the customer C
. . @ | about product features, until
S: Do you have requirements on storage capacity? C: | want at least 64 GB. & 252::3# ;‘;t g’f ahz‘;'n‘;gizs“” :
S: And any preference on phone color? C: Not particularly. Sn% remains.
Evaluation of alternatives S: What about the Samsung Galaxy S67 It's availabe for $228.89. Prompt S makes an offer.
Sadiri Javadi et al., 2023 C: | like it's design, but it costs too much. Do you have any cheaper ones? Price negotiation
S: Yes! | have this one for you. The Sony Xperia X. C asks for cheaper options,
It's cheaper; $117.13. S makes a cheaper offer.
C: Sounds good!
C: How does its operating system handle? Request-Inform
S: The Sony Xperia X is an excellent phone, good connectivity, C asks about a product feature.
operating system easy to handle, it takes highy-quality pictures, but S responds with a positive

it's battery life lacks a little. opinion about i.

C: What about the Oneplus 27 | don't know how they did it, but they 5 | Search—-Warning
managed to create a phone with robust life and low battery drain. 5 C asks about an alternative
S: Yes, | agree. This phone might also be a good choice, but you hear g due t? _E: pfOSi;ive opinion on
P . one of Its Tteatures.
some cr|t|0|_sm from tech “critics” on the web about its camera and the S responds with a negative
pixel density, etc. opinion on a different feature.
C: | see. The camera quality is important to me. Reaction C agrees.
C: Given the price of the Sone Xperia X, | would have expected Deny-Disagreement

capacitive buttons. C voices a negative opinion

S: For a sim-free price under $200 it’s one of the most affordable options gbcfl’ig;arg;%dlm feature (price).
out there and a good smartphone. grees.

Purchase decision \ C: Alright, I'll buy the Sony Xperia X. ‘ Decision  C decides.

Post purchase behavior ‘ (not relevant for conversation generation)

Figure 9. Illustration of the sales conversation simulation scheme by Sadiri Javadi et al. [2023].

information search. In this phase, relevant product categories are explored, and when many
alternatives exist, a shortlist is formed based on user preferences. This stage is largely fact-based
and relatively straightforward. Third, the shortlisted alternatives are evaluated in more depth
to select a specific product, followed, fourth, by the purchase decision itself. Finally, in the fifth
stage, the buyer uses the product and may engage in post-purchase behavior, such as commenting
on its quality. Such feedback is frequently encouraged by shopping platforms like Amazon, where
user-generated reviews play a crucial role in shaping the purchasing decisions of other consumers.
Sadiri Javadi et al. [2023] study how conversational search systems can support users in the
third phase of the customer decision process, which has so far received little attention in IR. More
specifically, we ask how an LLM-based sales agent can form a grounded opinion about a product
it has never used, given that LLMs lack real-world experience. We find that product reviews
provide an excellent source of grounded opinions, which a RAG system can retrieve and quote in
a conversation with users. While users are currently accustomed to consuming product reviews in
a self-service manner, much like with traditional search, both the review ecosystem and shopping
platforms have become bloated to some extent. A conversational sales agent may therefore offer
relief by helping users navigate this space more efficiently during their decision-making process.
This raises an additional challenge: LLMs should hold consistent opinions about products.
Moreover, because the customer drives the interaction and because a conversational sales agent
cannot know a customer’s personal preferences in advance, the agent requires a negotiation strat-
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egy to serve the customer effectively. Product sales, especially for higher-priced items, involve a
complex set of objectives. For a human sales agent, closing a sale is important, but not at the risk
of the customer returning the product the next day. Instead, the goal is for the customer to leave
satisfied with their decision, while selling the product (with the highest price) that still aligns with
the customer’s needs. For example, when my family recently had an had an air-conditioning sys-
tem installed, the sales agent convinced us against the more expensive setup we initially considered
and instead recommended a comparatively minimal solution that better fit our situation.

In our study, we compiled a range of sales negotiation strategies and simulated sales conver-
sations between a conversational sales agent and a customer. We then asked human annotators
to assess the realism of these conversations, which they generally found adequate. That said, this
work only scratches the surface of what is required to make LLMs and RAG systems genuinely
helpful for product sales in a user-oriented manner. We expect substantial future work to be
needed to understand the subtleties involved in building effective LLM-based sales agents in the
sense of primarily assisting customers, rather than merely optimizing a retailer’s bottom line.

In many respects, today’s RAG systems already resemble sales agents. What they “sell” is
information. However, current RAG systems, whether by accident or by design, are often reported
to be quite sycophantic, which appears to be a rather simplistic (but maybe effective, system-
oriented) way of ensuring user retention. A user-oriented RAG system that acts as an intermediary
between users and primary information sources should be designed to support deliberation and
enable users to consider alternative answers instead of steering them toward one single answer.

4 The Next Turn in Information Retrieval

As LLMs proliferate into virtually all social systems, the information retrieval community is work-
ing to understand this new paradigm of information access by observing changes in information
behavior and by helping to shape what may become the next stable state of IR. Whether RAG
systems are here to stay, or whether they will eventually be supplanted by other paradigms such
as task-oriented Al agents, remains an open question.

With their integrated information seeking and retrieval model, Ingwersen and Jarvelin [2005]
synthesize decades of observations of human information behavior and of how people interact
with a sociotechnical information systems to satisfy their information needs. A depiction of
the generic model is shown in Figure 10. It illustrates how a cognitive actor interacts with an
information system through one of its interfaces in order to manipulate information objects, with
the interaction being conditioned by the actor’s organizational, social, and cultural context. In
their book, Ingwersen and Jarvelin systematically instantiate the model for the five actor roles
they identify (authors, indexers, designers, selectors, and seekers) and for two types of interfaces:
those used by authors (e.g., gated collections such as scientific conferences) and those used by
seekers (search engines). Given that the book was written at the height of Google’s success in web
retrieval, reference librarians do not even appear anymore as an interface for seekers.

In light of the emergence of LLMs and RAG systems, Figure 11 presents two additional in-
stantiations of the model. On the left, authors interacting with LLMs to create new information
objects, which they then self-publish via web services. Authors and LLMs are indistinguishable,
joint actors, and it becomes unclear how initiative and responsibility for the resulting information
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Figure 10. The information seeking and retrieval model (IS&R model) by Ingwersen and Jarvelin [2005].

objects are distributed among them. In the extreme, human authors may take a back seat and
merely operate automated language models to generate information objects at scale.

On the right, the role of RAG systems is depicted as that of automated reference librarians,
whereas traditional search engines offer a self-service interface to the web as an information system
where users act as seekers but also have to perform much of the work traditionally done by a
reference librarian themselves. RAG systems shift this cognitive effort into the system. Seekers
now need only articulate their information need as a prompt and are presented with an executive
summary derived from a selection of information objects. In this setting, the LLM underlying a
RAG system searches for relevant information objects, assesses their relevance, and synthesizes a
multi-document summary that is presented to the user as a direct answer.

Five years ago, as featured snippets increasingly appeared as direct answers on search engine
results pages, we formulated the Dilemma of the Direct Answer as “a user’s choice between
convenience and diligence when using an information retrieval system” [Potthast et al., 2020].
We expressed concern that presenting a snippet from the single most relevant web page creates
a strong incentive for users to accept it at face value. In retrospect, however, this development
is a natural continuation of a much longer trend. From its inception, information retrieval has
sought to maximize convenience and minimize users’ cognitive effort. After all, the very notion of
ranking exists so that users need not browse all but only a few documents; ideally only one.

Today, RAG systems and deep research agents take over nearly all of the cognitive overhead
involved in searching, browsing, and synthesizing answers. At the same time, this new interface
conceals much of the underlying process and deprives seekers of developing their own sense of a
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Figure 11. The IS&R model for authors using LLMs (left) and for RAG systems (right).

question’s difficulty or of how validity and reliability are established. By removing the struggle of
browsing results, searching may no longer function as an inherent learning exercise.

But it would be too simplistic to view human seekers using RAG systems as merely passive
consumers of information, and it would be patronizing to design systems that force users to work
harder “for their own good.” Hardly anyone particularly enjoys using a search engine for its own
sake; searching is a response to a perceived need. Moreover, the more complex the information
need, and the higher the stakes of obtaining a correct answer, the more carefully users will engage,
even with RAG systems. Finally, as cognitive effort is freed on the part of the seeker, that capacity
can be invested elsewhere.

5 Conclusion

This brings the premise of my talk back together with the discussion of the potential and limits
of LLM detection and LLM advertising. We argue that in the future diligent seekers will need
to invest an increasing share of their newly freed cognitive effort into assessing the authenticity
of online information and more specifically into evaluating different aspects of the authenticity of
the answers generated for them. The examples I have presented are not exhaustive, and there
are likely many additional facets of authenticity for which new technologies can and should be
developed.

The task of information retrieval has not changed. It remains as challenging as ever: to convey
through the narrow channel of human perception the information needed to fill a knowledge
gap, accomplish a task, achieve a goal, or spark curiosity. What has changed is the surrounding
information landscape. The technologies required to build effective information systems in this new
setting will have to incorporate mechanisms for assessing and supporting information authenticity.
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