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Abstract

Conversational LLM agents increasingly rely
on Web search, yet the end-to-end lifecycle of
agentic search remains poorly understood. We
present the first study of Web search across
four major conversational platforms (ChatGPT,
Claude, Grok, and DeepSeek), combining real-
world user interactions (invivo) with con-
trolled experiments using the same platform’s
models by their APIs (invitro). We inves-
tigate the quality of agentic decisions to in-
voke Web search, their strategies to formulate
queries, the potential domain preferences in the
search results they receive, and the choices they
make when transforming search results into
grounded responses. We find that Web-search
decisions vary substantially across platforms
and models, while more frequent Web-search
invocation does not necessarily yield better re-
sponse quality. We further show that conversa-
tional agents employ different complex query-
ing strategies and that platform specific search
engines return search results from their pre-
ferred domains. Finally, although responses
are largely grounded in search results, some
claims rely on uncited search results, raising
concerns about attribution and reliability. Our
findings have important implications for the de-
sign of future Al agents and Web search tools
optimized for conversational retrieval.

1 Introduction

The ability of agents powered by large language
models (LLMs) to autonomously search the Web is
fundamentally altering how we access online infor-
mation (Chatterji et al., 2025). Today, millions of
users rely on conversational Al platforms like Chat-
GPT (OpenAl), Claude (Anthropic), Grok (xAl),
and DeepSeek (DeepSeek-Al) as Web search as-
sistants, trusting them to navigate the Web and
generate accurate answers. Figure 1, plotted using
datasets analyzed in this paper, shows how a grow-
ing fraction of all chatbot responses by ChatGPT,
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Figure 1: Datasets from four popular chatbot platforms
analyzed in this work show a consistent trend of increas-
ing use of Web search over time. Appendix Figures 14
and 15 further show that search dominates all tool call-
ing and that newer reasoning-oriented models invoke
search at higher rates, across all platforms.

Claude, Grok, and DeepSeek involve calling Web
search tools. Yet, the life cycle of agentic search
— from the user prompt to the final generated re-
sponse — is neither well studied nor understood.

Web search is a complex cognitive task even
for human users. Users first need to perceive their
knowledge deficit, then reason how to query the
search tool — including issuing multiple queries
both simultaneously and iteratively expanding the
queries based on prior tool responses, and finally,
update their prior knowledge using the retrieved
information. The life cycle of agentic search (see
Figure 2) similarly begins with the model recog-
nizing and deciding that its own parametric (inter-
nal) knowledge is not sufficient to answer a user’s
prompt. The next stage involves querying a search
tool, both in parallel and in sequence, reformulat-
ing the queries based on retrieved results. The final
stage involves synthesizing the search results from
multiple (potentially contradicting) sources with
the model’s own parametric knowledge to generate
a coherent response. Accordingly, our investigation
here is motivated by the following three high-level
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research questions:

(1) How do agents decide when to call Web search?
(2) How do agents query Web search tools? and
(3) How do agents use search results to synthesize
responses?

To conduct our study, we adopted the data collec-
tion strategy described in (Karnam et al., 2026) and
collected conversational data donated by real-world
users of four chatbot platforms, namely ChatGPT,
Claude, Grok, and DeepSeek. To our knowledge,
our work is the first to investigate Web search by
multiple chatbots invivo, i.e., when users are in-
teracting with them for their normal, daily conver-
sations. We carefully designed an experimental
setup, where we query using selected user con-
versations and compare the performance of differ-
ent model families invitro i.e., we study how
the LLM agent responses compare and change,
when accessed via their platform APIs. To our
knowledge, our work is the first to systematically
study how the choice of model family impacts Web
search.

We summarize our key findings below:

1. On decisions to call Web search: LLM agents
differ significantly in when they chose to call Web
search. While LLM agents are good at deciding
when they do not need Web search, their decisions
to call Web search do not always improve their
responses.

2. On querying strategies and search results: LLM
agents employ differing complex querying strate-
gies, issuing multiple queries, often iteratively re-
formulating them using information from retrieved
sources and verbose user conversational history.
The platform-specific search engines that LLM
agents query, return limited number of search re-
sults with strong preferences (biases) towards spe-
cific domains.

3. On grounding of claims in response citations:
LLM agents exhibit strong preferences towards
popular URLs, when citing them. While several
claims in responses are well grounded in cited
URLs, a non-trivial fraction of claims can be at-
tributed to returned search URLs that are not cited.
Also, the factuality of ungrounded claims likely
generated from models’ parametric knowledge re-
mains poor.

Taken together, these findings have important
implications for both users and designers of conver-
sational Al agents. For users, invoking Web search
does not guarantee higher-quality responses. More-
over, Web-grounded responses can reflect platform-

specific preferences for particular sources, rather
than a comprehensive view of the Web. For design-
ers, the substantial variation across search-calling
decisions, querying strategies, and citation prac-
tices highlights the need to optimize and evaluate
the entire search life cycle. In particular, designers
should pay attention to source attribution, as agents
may use information from those Web sources with-
out giving appropriate credit to them.

We release the code and resources for our analy-
ses in our GitHub repository.! While the donated
conversational data cannot be publicly released, we
provide mock data to illustrate the data format and
facilitate use of the code.

1.1 Related Work

Autonomous information-seeking systems.
LLMs transformed from static generators into
autonomous information-seeking systems. Early
approaches taught browsing via imitation (Nakano
et al., 2022) and interleaved reasoning with tool
use (Yao et al., 2023); recent systems internalise
this loop through end-to-end reinforcement
learning (Jin et al., 2025; Song et al., 2025; Wu
et al., 2026a; Liu et al., 2025; Zheng et al., 2025).
Yet strong end-to-end performance leaves open
how these models behave in real user-agent
interactions, whether they reason soundly at each
step or simply land on the right answer.
User-agent interactions in the real world. Exist-
ing datasets fall short in three ways: they cover only
ChatGPT under hashed identifiers (Zheng et al.,
2023; Zhao et al., 2024), span 25 models but skew
toward open-source systems served through are-
nas (Zheng et al., 2024), or rely on opt-in share
URLS that capture only self-selected snippets (Yan
et al., 2026). Our dataset (Table 1) provides au-
thentic multi-turn sessions from over 600 users
across ChatGPT, Claude, Grok, and DeepSeek,
each paired with its full search trace. 7o the best of
our knowledge, this is the first analysis of agentic
information seeking grounded in observable search
trajectories across frontier commercial systems.
Analysing the systems’ behavior. Prior work
largely synthesizes benchmarks to study when mod-
els invoke retrieval tools (Kale, 2025; Wu et al.,
2026b; Wei et al., 2025; FutureSearch et al., 2025;
Jang et al., 2026), how conversational prompts be-
come search queries (Mo et al., 2023; Jang et al.,
2024; Zhu et al., 2025; Pezzuti et al., 2026; Xi et al.,

1https: //github.com/mahsaama/
AgenticSearchLens/
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Figure 2: Life cycle of agentic Web search.

2025; Liu et al., 2026), and whether responses faith-
fully ground in cited evidence (Ye et al., 2024;
Huang et al., 2024; Shao et al., 2026; Gou et al.,
2026). We instead study these questions on real-
world traces from deployed commercial systems,
observing how tool invocation, query formulation,
and citation grounding play out across models and
over time.

2 Datasets and Experimental Setups

We study the end-to-end lifecycle by which a con-
versational agent transforms a user prompt into
a Web-grounded response (Figure 2). Given a
user prompt, the lifecycle consists of three stages:
(1) Web-search decision, where the agent decides
whether Web search is needed; (ii) query formula-
tion, where one or more Web queries are generated
and iteratively refined; and (iii) response genera-
tion, where the agent synthesizes information from
search results together with parametric knowledge.

Invivo Dataset. We analyze conversational traces
donated by users of four conversational Al plat-
forms: ChatGPT (OpenAl), Claude (Anthropic),
Grok (xAl), and DeepSeek (DeepSeek-Al). These
traces are collected through GDPR-compliant
data donations following the methodology of IN-
VIVOGPT (Karnam et al., 2026). Our ChatGPT
dataset extends INVIVOGPT with conversations
from 10 additional users. Overall, our dataset com-
prises 171,264 conversations from 613 users with
fine-grained logs of user prompts, Web queries,
search results, cited URLs, and generated responses
(Table 1). A turn consists of a user prompt and the
corresponding model response, some of which in-
volved web search. Throughout the paper, we refer
to these naturally occurring interface-based inter-
actions as the invivo setting. The data collection
procedure is described in Appendix A.

Invitro Setup. To complement the observational
analysis, we conduct controlled experiments using
the frontier models listed in Table 2. We use the
same set of 1,000 user prompts (using only the
first user message) that exclude personal informa-
tion through the platforms’ APIs, allowing us to

# Turns With
Company Platform # Users # Convs # Turns Web Search
OpenAl  ChatGPT 310 143,730 690,754 42,273
Anthropic Claude 102 9,267 64,354 1,696
xAI Grok 100 9,005 53,840 3,004
DeepSeek DeepSeek 101 9,262 36,020 1,730

Table 1: invivo statistics across different platforms.

Company Model API Release Know.
Date Cutoff
OpenAl  GPT-5.3-chat Responses API Mar 2026 Aug 2025
Anthropic Claude Sonnet 4.6 Messages API Feb 2026 Aug 2025
XAl Grok-4.3 OpenAl-compatible May 2026 Dec 2025
Responses API
DeepSeek DeepSeek-v4-flash Anthropic-compatible Apr 2026 Unknown
Messages API

Table 2: invitro details across different models.

compare Web-search behavior under identical in-
puts. The details of excluding personal information
are provided in Appendix C.1. This setup enables
controlled comparisons both across providers (Ope-
nAl, Anthropic, xAl, and DeepSeek) and across
OpenAl models (GPT-5.3-chat, GPT-4.1-mini,
GPT-o04-mini) while keeping the prompts fixed.
Throughout the paper, we refer to this API-based
setting as the invitro setup.

3 Analyzing Search Calling Decisions

Web search is invoked when LLM agents decide
that they need additional (external) knowledge, i.e.,
their parametric (internal) knowledge is insuffi-
cient, to respond to a user prompt. So we begin by
analyzing agents’ decisions to search the Web.

3.1 Search Calling Behaviors
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Figure 3: The fraction of user prompts that result in
Web search varies based on topic, even as they show a
generally rising trend over time across all topics.

As shown in Figure 3 for ChatGPT (and Fig-



ure 17 in the Appendix for the other platforms), the
fraction of user prompts resulting in Web search has
steadily increased over time across conversational
platforms. This upward trend is also observed
across different conversation topics, although the
frequency of Web-search invocation varies substan-
tially by topic; for example, Travel-related prompts
trigger Web search more frequently than Health-
related prompts.

Search calling behaviour differs across LLM
agents. It is hard to directly compare the search
calling decisions by different LLM agents in
invivo, due to differences in user prompts across
platforms. So, we compare search calling decisions
by the different LLM agents in invitro , query-
ing the same 1000 user prompts. Table 3 reveals
substantial differences in the number of prompts
invoking Web search across the agents — while GPT
calls Web search for only 140 (14% of) prompts,
Claude calls Web search for 825 (83% of) prompts.
Clearly, LLM agents are making very different de-
cisions on which prompts they invoke Web search.

3.2 Harness Instructions vs. Model Decisions

The striking differences in Web search behaviors
by our LLM agents could potentially be attributed
to two main factors: their harness instructions
and models’ self-decisions. By harness instruc-
tions, we refer to explicit guidelines provided to
models, often as part of their system prompt, on
when they should invoke specific tools such as Web
search. Models interpret and follow these instruc-
tions, when making their web calling decisions.
Both harness instructions and models’ deci-
sions impact Web search behaviour. To better un-
derstand the role of harness instructions, we exam-
ined three models from OpenAl - GPT-5.3-chat,
GPT-4.1-mini, and GPT-04-mini — whose system
prompts have been reverse-engineered and pub-
lished on the Web. Appendix C.2 provides details
of their system prompts. To study the impact of
the instructions for Web search calling, we copied
the instructions from the system prompt of one
GPT model as a developer prompt to another GPT
model and queried for the same 1000 user prompts.
Table 4 shows how Web search invocations vary
across different GPT models, when using their own
(native) and other models’ harness instructions.
The diagonal cells show that when using native
harnesses, GPT-5.3-chat is the most conservative in
invoking Web search for 140 prompts, followed by
GPT-4.1-mini for 417 prompts and GPT-04-mini

for 634 prompts. The off-diagonal cells show that
changing harness instructions via developer prompt
to those of other models can impact Web calling de-
cisions in a significant way — GPT-04-mini reduces
the number of Web searches from 634 prompts to
478 prompts. However, models’ self-decisions still
dominate — across the different harnesses, GPT-04-
mini still issues far more calls than GPT-5.3-chat.

3.3 Need for Search Calling

Next, we investigate whether the observed differ-
ences in Web search behavior by LLM agents are
justified, i.e., whether they result in improvement
in quality of their final responses. We evaluate
the response quality using three complementary
measures namely, factuality, completeness, and rel-
evance, which measure the correctness, coverage,
and how well the response addresses the user’s re-
quest, respectively (on a scale up to 5). Human val-
idation shows 67-77% within-1 agreement between
the judge and human annotations. Appendix C.4
describes the evaluation metrics and protocol in
greater detail. In Table 3, we compare the qual-
ity of LLM agent responses for prompts under
three settings: (i) prompts for which the model
autonomously invoked Web search (Web-calling
samples), (ii) the same prompts with Web search
disabled (Web-calling samples in No Web mode),
and (iii) prompts for which the model chose not to
invoke Web search (No Web-calling samples).

We highlight three observations from Table 3: (i)
Web search generally improves response quality
for prompts for which LLM agents autonomously
invoked Web search, although the magnitude and
direction of the effect vary across models and evalu-
ation metrics. Overall, Web search is clearly benefi-
cial for GPT-5.3-chat, Grok-4.3, and DeepSeek-v4-
flash, while Claude-Sonnet-4.6, despite invoking
Web searches extensively, exhibits at best mixed
effects. Paired bootstrap significance tests con-
firm that nearly all observed differences are sta-
tistically significant (p < 1073). (ii) Interest-
ingly, prompts for which models do not invoke
Web search achieve higher scores across all qual-
ity measures, suggesting that LLMs are quite good
at judging when prompts can be answered using
parametric knowledge alone. (iii) Overall, the re-
sponse quality for prompts needing Web search is
still lower than those not needing Web search, sug-
gesting that while Web search is useful, it is still
not sufficiently effective at plugging the gaps in
models’ parametric knowledge.



Web-calling Web-calling Samples No Web-calling

Model ga‘l):]ii:)g Samples in No-Web Mode Samples
GPT-5.3-chat 140 350 352 406 281 256 326 397 408 454
(3.31,3.69) (3.34,3.71) (3.90,4.21) (2.61,3.01) (2.39,2.74) (3.06,3.46) (3.90,4.03) (4.02,4.15) (4.49,4.59)
Claude Sonnet 4.6 325 329 347 372 341 330 3.85 436 421 445
(3.22,3.35) (3.40,3.55) (3.67,3.78) (3.33,3.49) (3.21,3.39) (3.77,3.92) (4.22,4.50) (4.04,4.37) (4.32,4.57)
Grok-4.3 766 3.81 413 424 330 357 418 442 445 461
(3.75,3.87) (4.07,4.20) (4.18,4.29) (3.22,3.38) (3.48,3.65) (4.11,4.25) (4.30,4.53) (4.32,4.57) (4.50,4.71)
DeepSeek-va-flash 584 3.13 350 374 250 291 348 385 407 426

(3.04,3.21) (3.40,3.59) (3.66,3.81) (2.41,2.59) (2.81,3.01) (3.40,3.56) (3.75,3.96) (3.97,4.17) (4.17,4.34)

Table 3: Web calling decisions and quality of responses on querying the same 1000 samples in invitro setting
across models under different Web-calling modes. F, C, and R denote factuality, completeness, and relevance.
Values are reported as mean scores, with 95% bootstrap confidence intervals shown in parentheses.

Developer Prompt Model T T
Z2 1 21
Replay Model GPT-5.3-chat GPT-4.1-mini 04-mini §u s Eo.s
o4-mini 478 640 634 . i
GPT-4.1-mini 407 417 440 £ g
GPT-5.3-chat 140 145 169 s 5

Table 4: Effect of harness instructions and models’ self
decisions in web-calling decisions over the same 1000
samples. Both the factors play a major role with self
decisions dominating.

Summary: Across conversational Al platforms,
there is a consistent trend towards increasing use
of Web search when responding to user prompts.
However, there are significant differences in search
calling behaviors based on topics and across LLM
agents. An LLM agent’s decision to search is influ-
enced both by its harness instructions and the un-
derlying model itself. LLM agents are quite good
at judging when Web search is not needed. While
Web searches do tend to improve the response qual-
ity in general, they are not guaranteed to improve
and the improvements do not fully compensate for
the missing parametric knowledge.

4 Analyzing Search Queries and Results

Once an LLM agent decides to invoke Web search,
it transforms a verbose user prompt into one or
more Web queries. The queries are then answered
by platform-specific search engines, which return
Web pages (URLs) relevant to the queries, which
can be used to both refine the queries and finally,
generate the response. Accordingly, we first ana-
lyze the agents’ querying strategies and then inves-
tigate the results from their local search engines.

0
0 2 4 6 8 10+ 0 2 4 6 8 10+

Number of Web Oueries Per User Prompt Number of Iterations Per User Promot

(a) Web queries per prompt  (b) Iterations per prompt

Figure 4: Query complexity increases in different plat-
forms over total number of web queries and iterations.

4.1 Querying Strategies

Unlike traditional Web search, where users typi-
cally issue a single query and manually refine it if
needed, conversational agents can autonomously
orchestrate the querying process by generating mul-
tiple Web queries, which can be issued both in
parallel as fan-out queries and in sequence across
iterations. The agents’ freedom to orchestrate mul-
tiple queries is typically specified in their harness
instructions.

Different platforms and models have differ-
ent querying strategies. Figures 4a and 4b show
the cumulative distributions of the number of Web
queries issued per prompt and the number of itera-
tions over which they are spread. The distributions
of fan-out queries per iteration and over time are
provided in Appendix Figures 11 and 12. In our
invivo dataset, we observe that LLM agents fre-
quently issue multiple queries per prompt, with the
median number varying between 2 (Claude) and
4 (Grok), with the maximum number going much
higher than 10. Interestingly, while ChatGPT, Grok,
and DeepSeek generate queries in parallel fan-outs
at each iteration, Claude only generates one query
at each iteration, resulting in much deeper (over
many iterations) search for Claude. Our invitro
experiments with the same platform models via
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Figure 5: User prompt and Web query complexity across
different platforms over number of terms. Web queries
contain far fewer terms than user prompts.

APIs (which can be subjected to different harness)
reveal different strategies in Figures 24a and 24b.
There, we find that only GPT-5.3 issues fan-out
queries, while Grok, DeepSeek, and Claude issue
only one query per iteration. While it is likely
that these differing strategies are the result of dif-
fering harness instructions, all strategies are fairly
involved with no single dominant strategy.

4.2 Query Formulation and Reformulation

Next, we investigate how user prompts are refor-
mulated into Web queries, including how iterative
queries are reformulated to narrow down the search
space, potentially using results from prior queries.
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Figure 6: Origin of new query terms in Web queries is
conditioned on conversation history and search results
from previous iterations.

Web queries are more concise than user
prompts but longer than traditional queries. Fig-
ures Sa and S5b compare the lengths of user prompts
and the corresponding Web queries. Rather than
re-issue verbose user prompts verbatim as a query,
the agents rewrite them into concise queries with
fewer terms. While nearly 80% of user prompts
contain more than 20 terms, almost all generated
Web queries contain fewer than 10 to 15 terms.
Despite this compression, LLM generated Web
queries remain substantially longer than traditional
human generated queries (which are typically 2 to
4 terms (Bendersky and Croft, 2009)).

New query terms get derived from the con-
versational context and prior search results.

Figure 6 traces the provenance, i.e., the ori-
gins, of query terms introduced during query (re)-
formulation in our invivo dataset. Terms in the
first iteration queries are derived primarily from
the latest user prompt (30%) together with the con-
versation history (80%), demonstrating that query
construction is conditioned on the broader conver-
sational context. As search progresses across iter-
ations, queries increasingly incorporate informa-
tion from previous search results. While the over-
all fraction of query terms that originate from the
model’s own parametric knowledge remains small,
it increases with iterations, suggesting the role of
model’s parametric knowledge in processing prior
search results when re-issuing queries.
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Figure 7: Query Specificity (temporal, geographic, and
entity) increases over iterations in invivo.

Web queries keep getting more specific over
iterations. Figure 7 quantifies query refinement by
evaluating the query specificity along three comple-
mentary dimensions - time, geography, and entity
(using a 5-point Likert scale). Across successive
iterations, Web queries consistently become more
specific (leading to higher Likert scores) by intro-
ducing constraints like exact dates, locations, and
named entities. The detailed strategy for comput-
ing specificity is in Appendix H.4. Human anno-
tators also reached >90% agreement with judge
annotations. Rather than repeatedly issuing sim-
ilar searches, conversational agents progressively
reduce ambiguity and narrow the search space, en-
abling better search results.

4.3 Domain Preferences in Search Results

Queries issued by LLLM agents are processed by
platform-specific search engines, which return
search results, i.e., relevant Web pages (URLs)
that are then used by LLMs to generate final re-
sponse. We now investigate the domain prefer-
ences of the search engines employed by ChatGPT,
Claude, Grok, and DeepSeek.

Search engines built for LLMs return few re-
sults per web query and vary from one platform



#Web Avg. #Web Queries  Avg. #URLs Avg. #URLs
Platform Queries /User Prompt /Web Query  /User Prompt
(95% CI) 95% CI) (95% CI)
ChatGPT 48,226 3.07 @98-316) 14.06 (13.98-14.14)  43.24 (42.52-43.99)
Claude 2,936 1.80 (1.72-1.88) 9.19 9.12-925)  16.61 (15.94-1731)
Grok 12,371 4.55 4.40471) 8.95 891-899)  40.68 (39.18-42.32)
DeepSeek 4,092 2.63 (2.56-2.71) 5.46 (527-565  14.37 (13.74-15.02)

Table 5: Web-search querying and search results vary
highly across platforms in invivo, for turns with avail-
able Web queries.

to another. Table 5 summarizes the number of
results (URLSs) returned by the different search en-
gines per query. We observe substantial differences
across the platforms. On average, search engines
on Claude and Grok return around 10 results per
query, while DeepSeek returns far fewer (around 5)
and ChatGPT returns far more (around 15). Note
that all these search engines return far fewer URLs
than a typical Google search return. When we ac-
count for the number of queries issued per user
prompt, we find that ChatGPT and Grok accumu-
late the most number of results per user prompt
(around 40), while DeepSeek and Claude accumu-
late the least (around 14 to 16). Figure 29 shows
the distributions of search results in greater detail
across both invivo and invitro. Further details
are provided in Appendix 1.4.
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Figure 8: Top 10 domains preferred by search engines
across platforms, exhibiting substantial differences in
domain preferences.

Search engines show preference towards do-
mains that vary from one platform to another.
Given the limited number of search results returned
per query, we examine whether search engines on
different platforms exhibit different preferences

towards specific domains. To this end, we ana-
lyzed the domains from which the search engines
are returning most of their results. We find strik-
ing differences in the domains preferred by the
search engines as shown in Figure 8 (and Fig-
ure 25b for invitro). Looking at the top-ranked
domains (based on number of URLSs returned as
search results), we highlight two findings: (i) the
top-domains account for a substantial fraction of
all search results, particularly for ChatGPT and
Grok. In our invivo ( invitro ) setting the
top-10 domains account for 21.3% (47.8%) and
32.3% (29%) of all returned search results, respec-
tively. (ii) different search engines exhibit strong
preferences for different domains — for example,
reddit.comand youtube.com dominate search re-
sults returned by ChatGPT and Grok and also rank
highly in DeepSeek search, but they are completely
absent in Claude search! Similarly, results from
xiaohongshu. com, a Chinese social media and e-
commerce platform, are prominent in DeepSeek
search, but completely absent from other platforms.
Summary: Our analysis of querying strategies
employed by different LLM agents reveals consid-
erable complexity in how web queries are formu-
lated and iteratively reformulated based on returned
search results. However, there does not appear to be
a dominant search strategy, suggesting that much
work remains to be done in evaluating which strat-
egy works best. Our analysis of platforms’ search
engines results, not only reveals significant differ-
ences across platforms, but it also raises several
concerns. Compared to traditional search engines,
search engines built for LLM agents return only
a small number of results (typically, less than 30)
and these results are frequently concentrated in
a few domains and these preferred domains vary
from one search engine to another. It is very un-
clear if users of LLM agents today are aware of
such preferences and if they potentially constitute
unwanted/harmful biases on the platforms.

5 Analyzing Search Responses

We now analyze how conversational agents syn-
thesize the final response for user prompts using
the returned search results from different sources
together as well as their own parametric knowl-
edge. A characteristic feature of LLM agent re-
sponses involving Web search is the grounding
of the claims by citing supporting external Web
pages (URLs). To understand how search results



Platform #Search Results #Cited  #Cited Search Citation

Category

/ Model URLs URLs Results Rate (95% CI)

ChatGPT 1,196,238 168,510 (4.0) 159,580 13.3% (13.1,13.6)

invivo Claude 27,162 5,668 (3.5) 5,409 19.9% (172229
Grok 110,684 1,950 (0.7) 1,943 1.8% (1.4.2.2)
DeepSeek 22,338 7,610 (4.9) 7,610 34.1% (31.6,36.7)
GPT-5.3-chat 4,940 534 38) 526  10.6% (9.3,12.0)
invitro Claude Sonnet 4.6 17,086 6,790 (3.2) 6,790 39.7% (37.1.42.6)
Grok-4.3 17,090 4,406 (5.7) 4,364 25.5% (24.2,26.9)

DeepSeek-v4-flash 10,582 - - -

Table 6: Citation rates (reported with 95% bootstrap
confidence intervals) across platforms in invivo and
models in invitro show high variability.

are incorporated into responses, we decompose re-
sponses into atomic claims. We first analyze how
agents select / generate citations from the search
results and incorporate them into the responses,
and then investigate the extent to which the atomic
claims from the response are grounded in cited and
retrieved sources.

5.1 Selection / Generation of Citations

Table 6 shows that across platforms and our invivo
and invitro setups, responses by LLM agents in-
clude, on average, between 1 and 8 citations.

Average Rank (log10)
or N W s U oo
Average Rank (log10)
oL N WAE U O

Search Results  Cited Cited
Search Results  Parametric
Source Type

(b) Grok

Search Results Cited Cited
Search Results Parametric

Source Type

(a) ChatGPT

Figure 9: Tranco ranks of domains of URLs invivo.

Agents primarily cite URLs returned by Web
search. We begin by quantifying citation selection
using the citation rate, defined as the fraction of
search result URLs that are eventually cited in the
response: Citation Ratezw. Table 6
shows that LLLM agents cite a non-trivial fraction
of all URLs returned as search results to users,
with citation rates ranging from 1.7-34.0% across
platforms in the invivo traces and 10.6—40.0%
in the invitro setup. Appendix Table 9 shows
that this variation is smaller across models from
the same platform (The estimated citation rates are
stable across bootstrap resamples, with narrow 95%
confidence intervals).

Table 6 also shows that most of the URLs cited
in responses (across both invivo and invitro set-
tings) are selected from URLs returned as search
results. Across the platforms, only a small frac-
tion (less than 1% to 5%) of the cited URLs are
generated by the model’s parametric knowledge.

Appendix Table 13 shows these rates over time.
We also investigate their relative reliability. Follow-
ing Rao et al. (Rao et al., 2026), we categorize cited
URLSs as valid, unverifiable, hallucinated, or dead.
Across both the invivo and invitro settings, hal-
lucinated citations remain rare (1-2%; Appendix
Tables 12 and 13). Interestingly, hallucinations
occur among both citations selected from search
results and generated using parametric knowledge.

Agents preferentially cite more authoritative
domains. Next, we examined whether URLSs from
certain domains are preferentially selected over oth-
ers. Figure 9 compares the Tranco ranks of returned
search result URLs and cited URLSs (that can come
Jfrom both search result URLs and parametric do-
mains), where lower Tranco ranks correspond to
more authoritative domains. We can observe that
cited URLSs (especially from parametric domains)
are consistently drawn from higher-ranked domains
than the overall search result URLs, indicating that
conversational agents preferentially cite more au-
thoritative sources. The same can be observed for
other platforms on invivo and invitro as shown
in Appendix Figures 22 and 28, respectively.

5.2 Grounding of Claims

Having examined how agents select citations from
retrieved search results, we next investigate the ex-
tent to which claims are grounded, i.e., supported
by evidentiary content in URLs cited and/or re-
turned as search results. For every response, we
first decompose the response into atomic claims
and then evaluate the grounding of each claim by
checking whether it is entailed by content scraped
from cited and/or retrieved URLs using platform-
specific judge models. Details of the judge models
and the prompts for claim extraction and entail-
ment evaluation are provided in Appendix K.7. We
validated the entailment judgments with a human
annotation study over randomly sampled examples
and observed 93% agreement between human an-
notations and the automated judgments.

Most grounded claims are supported by
cited sources. We begin by evaluating the frac-
tion of response claims grounded in associated
citations, i.e., the citations immediately follow-
ing the claim, followed by all the remaining ci-
tations in the response (other citations). Fig-
ure 10 shows that associated citations account for
the largest fraction of grounded claims across both
the invivo and invitro settings (30-46%), indi-
cating that conversational agents generally place
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Figure 10: Response entailment evaluation shows re-
sponses are a mixture of cited evidence, search results,
and parametric knowledge.

citations close to the evidence supporting the gener-
ated claims. Nevertheless, a substantial fraction of
claims are instead supported by other cited URLs
within the same response, suggesting that claims
are not always strictly attributed to citations listed
immediately following them.

A substantial fraction of claims rely on
uncited search results. For the claims that are not
grounded in cited URLs, we evaluated whether they
can be grounded in URLSs returned as search results,
but remain uncited. Figure 10 further reveals that
a non-trivial fraction of claims are supported by
URLs in search results, but which are never cited
in the final response. Across ChatGPT, Claude, and
Grok platforms, these uncited, yet searched URLSs,
consistently account for 14% to 53% of all claims
across both invivo and invitro settings. This be-
havior raises concerns about whether LLM agents
are properly attributing credit to the source URLs.

Ungrounded claims are less factual than
grounded claims. After our attempts to ground
claims in URLSs that are cited and returned as search
results, we are left with claims that remain un-
grounded — these are unexplained claims that are
(potentially) generated from models’ parametric
knowledge. Figure 10 shows that upwards of 15%
to 20% of all claims remain ungrounded. Finally,
we evaluated and compared the factuality of claims
that are grounded vs. ungrounded (Appendix Ta-
bles 10 and 11). We find that claims supported
by associated citations and other cited sources
achieve the highest factuality scores (3.47, 3.35 in
ChatGPT), followed by claims supported by search
results that are not cited (3.33). In contrast, un-
grounded claims (potentially generated by para-
metric knowledge) consistently receive the lowest
factuality scores (2.84) across platforms.

Summary: Our analysis of responses synthe-
sized by LLM agents using search results reveals a
preference towards citing URLs from more popular

domains. While many claims in the response are
well-grounded in cited URLSs, a non-trivial frac-
tion of claims are (a) grounded in uncited URLs
returned during search, suggesting potentially poor
attribution practices, and (b) ungrounded and poten-
tially generated from parametric knowledge. Such
ungrounded claims score poorly on factuality, rais-
ing reliability concerns.

6 Conclusion

Conversational LLMs are increasingly becoming
Web-search agents that must decide when to search,
how to search, and how to incorporate retrieved in-
formation into their responses. By combining real-
world conversational traces with controlled experi-
ments across four major platforms, we characterize
this end-to-end search lifecycle. We find substan-
tial differences across agents at each stage: Web-
search invocation varies considerably and does
not uniformly improve response quality; agents
engage in distinct, increasingly specific querying
strategies; retrieved results exhibit strong platform-
specific domain preferences; and, while responses
are largely grounded in retrieved evidence, a non-
trivial fraction of claims rely on uncited search
results or remain unsupported by the observable
search trace. These findings show that conversa-
tional Web search should be understood and eval-
uated as a sequence of interconnected decisions
rather than as a single retrieval step. Building more
reliable search agents will therefore require improv-
ing not only retrieval itself, but also when agents
search, how they seek evidence, and how faithfully
they attribute that evidence in their responses.

Limitations

Our study has several limitations that should be
considered when interpreting the results.

First, our analysis relies on observational conver-
sational traces collected from users of four popular
chatbot platforms. Although these datasets pro-
vide valuable insight into real-world agentic Web-
search behavior, they do not expose the full inter-
nal reasoning processes, hidden chain-of-thought
traces, ranking algorithms, or proprietary retrieval
pipelines used by the platforms. As a result, some
observed behaviors may reflect platform-specific
harness implementations rather than the underlying
language models alone.

Second, while our datasets span multiple plat-
forms and millions of conversational turns, the data



may not fully represent the broader population of
chatbot users or all deployment settings. User pop-
ulations, geographic regions, languages, subscrip-
tion tiers, and platform-specific product features
may influence Web-search behavior. Additionally,
replay experiments were conducted on sampled
conversations and may not capture all real-world
conversational dynamics.

Third, several analyses in this work depend on
automated judge models for labeling conversational
situations, query reformulation types, entailment,
and response quality. Although we performed hu-
man validation and observed high agreement rates,
judge-based evaluation remains imperfect and may
inherit biases or inconsistencies from the evalua-
tion models themselves.

Fourth, our provenance analysis of query re-
formulation cannot perfectly distinguish whether
newly introduced query terms originate from re-
trieved evidence, latent parametric knowledge, or
implicit reasoning traces. Similarly, identifying
“parametric citations” is inherently approximate be-
cause the internal memory and pretraining sources
of models are inaccessible.

Finally, our study primarily focuses on English-
language interactions and Web-search-enabled text
generation. We do not analyze multimodal retrieval,
non-English retrieval behavior, personalized mem-
ory systems in depth, or downstream effects such as
user trust, persuasion, or behavioral influence. Fu-
ture work could extend our framework to multilin-
gual, multimodal, and fully agentic environments
involving planning, browsing, and long-horizon
tool use.

Ethical Considerations

This study was conducted in accordance with the
Ethical Review Board (ERB) guidelines of our in-
stitution. All datasets are obtained through GDPR-
compliant data donations, where participants pro-
vided explicit informed consent to share their con-
versational data for research purposes. Due to the
sensitive nature of conversational traces, the col-
lected datasets are stored on secured institutional
servers, were not shared with any third party, and
will not be publicly released. The donated data will
be permanently deleted within three years follow-
ing the completion of this study.

Several analyses in this work rely on LLM-as-
a-judge evaluations using GPT-40-mini for Ope-
nAl data to scale annotation and evaluation. We

chose GPT-40-mini because it belongs to the same
platform family as the original OpenAl conver-
sational traces analyzed in this work. All eval-
uations were conducted through OpenAl’s EDU
workspace, which provides strict data-protection
guarantees and prohibits the use of submitted data
for model training.

For analyses involving Claude, Grok, and
DeepSeek, we conducted evaluations with Claude-
Haiku-3.5, Grok-3-mini, and Deepseek-chat mod-
els directly through the respective platforms rather
than routing conversational data through external
systems. This design choice was made to minimize
unnecessary cross-platform data transfer and re-
duce potential risks of conversational data leakage
across providers.
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A Data Collection Strategy

We build on the data collection strategy introduced
by INVIVOGPT (Karnam et al., 2026) and adapt
it to collect conversation histories, including Web
search traces, from four Al platforms. The strategy
follows the paradigm of GDPR-empowered data
donations (Karnam et al., 2025; Zannettou et al.,
2024; Dash et al., 2026). Under Article 15(3) of
the GDPR (EU, 2016), users have the right to ob-
tain a copy of personal data processed by online
platforms. This paradigm enables participants to
request exports of their own chatbot interactions
and subsequently donate these exports for research.
Following this approach, we recruited participants
through the crowd-sourcing platform Prolific (Pro-
lific, 2025). Participants were asked to exercise
their data access rights and obtain exports of their
interaction histories from four conversational Al
platforms: ChatGPT, Claude, Grok, and DeepSeek.
We then parsed the donated exports into a common
representation suitable for cross-platform analysis.
In total, we collected data from 613 users across
platforms, resulting in 171,264 tracked conversa-
tions. Table 1 reports the breakdown by platform.
This study focuses on Web search usage. Specif-
ically, we use the donated traces to study when

and how web search is invoked by Al systems, and
how search-grounded responses are integrated into
conversations.

Conversation Traces. The exported conversa-
tion archives differ across ChatGPT, Claude, Grok,
and DeepSeek. For each platform, we parse the
provider-specific export format to recover (i) user
prompts, (ii) assistant responses, (iii) Web-search
tool invocations, (iv) generated Web queries, (V)
search result URLSs, and (vi) citations included in
the final response, whenever exposed by the plat-
form. We then normalize these platform-specific
representations into a common schema consisting
of conversations, turns, Web queries, search re-
sult URLs, cited URLSs, and associated metadata.
Platform-specific fields unavailable in an export
(e.g., Web queries in DeepSeek traces) remain miss-
ing in the normalized representation. The collected
traces contain conversation-level and message-level
records. We represent a conversation as a sequence
of turns, where a turn consists of a user prompt
and the corresponding model response. For our
analysis, we further extract platform-specific indi-
cators of Web search behavior, including whether
web search was invoked, the search queries is-
sued by the system, search results, and cited URLs
where available, and any metadata linking results
of web search to the generated response. Because
providers expose different formats and levels of
detail, we normalize all data into a shared schema.
We refer to the four per-platform traces as Invivo
traces.

Ethical Considerations. Our study was con-
duced with careful attention to ethical consider-
ations and is approved by the ERB in our institu-
tion. Because conversation histories may contain
personal, sensitive, or identifying information, par-
ticipants were informed about the nature of the data
donation and the risks associated with it. Partici-
pants provided explicit informed consent before up-
loading any data. All donated data were stored on
secure servers with access restricted to authorized
members of the research team. Before analysis, par-
ticipant identifiers were replaced with anonymized
IDs, and personally identifying information was
removed or minimized where possible, with the
same procedure as (Karnam et al., 2026). We do
not share raw donated conversation histories with
third parties.



invitro experiments. Before conducting these
experiments, all sampled conversations underwent
the same automated PII-sanitization pipeline intro-
duced by (Karnam et al., 2026). Specifically, con-
versations were filtered using LLM-based prompts
designed to identify personally identifiable infor-
mation (PII), including names, contact informa-
tion, addresses, account identifiers, credentials,
and other user-specific information. Conversations
flagged as containing PII were excluded from re-
play. The remaining prompts were subsequently
reviewed manually by the authors to verify that
no identifying or sensitive information remained
before being submitted to the commercial APIs.
Consequently, only sanitized user prompts were
transmitted during replay experiments. The PII-
identification prompts used in the filtering pipeline
are provided in Appendix K.1.

B LLM Usage

In this paper, we leverage LLMs for the following
purposes:

1. Data Annotation: LLMs were used to sup-
port parts of the data annotation process.

2. Text Improvement: Used to correct grammat-
ical errors and provide feedback on writing.

3. Code Writing: LLM-based copilots assisted
in generating some portions of code.

4. Related Work Discovery: In addition to tra-
ditional search methods, we employed AI2
Paper Finder and OpenAl Deep Research to
identify relevant literature.

C invitro Setup & Evaluations

C.1 Prompt Selection

For invitro setup, we constructed the dataset
by sampling 1,000 user prompts from the invivo
dataset, ChatGPT traces, comprising 500 prompts
that originally triggered Web search and 500 that
did not. Since the experiments use only the first
user message from each conversation, none of
the prompts contains preceding conversational his-
tory. Before sampling, all conversations under-
went the same PII-sanitization protocol introduced
by (Karnam et al., 2026). Briefly, an automated
PIl-identification pipeline excluded conversations
containing personally identifiable information. Af-
ter selecting the 1,000 prompts, several authors

independently reviewed every prompt to verify that
no personally identifiable or other user-specific in-
formation remained. Consequently, only sanitized
user prompts were transmitted during the invitro
experiments. The filtering prompts used by the au-
tomated pipeline are reproduced in Appendix K.1.

C.2 System Prompts and Web-search
Instructions

We use publicly available snapshots of the system
prompts for GPT-5.3-chat, GPT-4.1-mini, and GPT-
o4-mini (Asgeir Thor Johnson, 2026). Although
all three prompts provide guidance for Web-search
usage, they differ substantially in their structure
and triggering criteria. GPT-5.3-chat contains the
most detailed and well-organized instructions, cov-
ering a broader range of search-triggering condi-
tions and providing more fine-grained guidance
on when Web search should be invoked. In con-
trast, GPT-4.1-mini provides a shorter and more
concise set of search triggers, while GPT-04-mini
contains a similar set of triggers but presents them
in a less structured manner. The extracted Web-
search instructions used in our experiments are
shown in K.3.

C.3 Extracted Web-search Instructions

To investigate whether differences in Web-search
behavior arise from the underlying model or from
the Web-search instructions it receives, we ex-
tracted only the Web-search-related portions of
the publicly available system prompts and refor-
matted them into a common structure while pre-
serving their original meaning. These extracted in-
structions were then supplied as developer prompts
during replay experiments, independent of the re-
play model’s native system prompt. For example,
we provided the Web-search instructions extracted
from GPT-5.3-chat to GPT-04-mini to evaluate
whether the more conservative search guidance
reduces GPT-04-mini’s tendency to invoke Web
search. We repeated this procedure for all combi-
nations of replay models and extracted Web-search
instructions. Table 4 in the main paper summarizes
the resulting Web-search calling frequencies.

C.4 Evaluation Criteria

We evaluate the quality of replayed responses
along three complementary dimensions: factual-
ity, completeness, and relevance. Factuality mea-
sures whether the information presented in the re-
sponse is factually correct. Completeness measures



Model Factuality Completeness Relevance

Platform #Search Results #Cited #Cited Search Citation

Category

/ Model URLs URLSs Results Rate (95% CI)
GPT-5.3-chat <107* <107* <107* ChatGPT L1628 168510 9580 3%
Claude Sonnet 4.6 0.0038 <107 0.0015 invivo  Claude 27,162 5,668 5.409 19.9%
Grok-4.3 <10™* <10™* 0.1470 Hosea  1sm Ry
DeepSeek-v4-flash < 107* <107* <107* Grok “07) 0 1943 (1422)
DeepSeck 22,338 7,610 7.610 34.1%
cepoee (14.4) @9) i (31636.7)
Table 7: P-values from paired bootstrap significance GPT-5.3-chat e s6 00
tests comparing replay responses generated with and Tl * Claude Sonnet 4.6 17086 69 o0 W%
without Web search for prompts that autonomously in- Grok-43 1709 4406 4zt B
voked Web search. DeepSeek-vd-fiash 10582 ~ ~ B
4,702 509 10.7%
L GPT:5.3-chat (36.4) (3.9) 501 9.3,122)
invitro 3177 1,009 31.8%

whether the response sufficiently addresses all im-
portant aspects of the user’s request. Relevance
measures how well the response remains focused
on and addresses the user’s request. Each dimen-
sion is evaluated independently on a 5-point Likert
scale (Li et al., 2024) by gpt-5.6-1una, where
higher scores indicate better response quality. The
evaluation prompts used by the judge are provided
in Appendix K.2. To compare the Auto and No-
Web settings, we performed paired bootstrap signif-
icance tests over the per-prompt evaluation scores.
Statistical significance was assessed using 100,000
paired bootstrap resamples, and two-sided p-values
are reported in Table 7.

C.5 Human Validation of Judge Evaluations

We further conducted a human evaluation study us-
ing three independent annotators over 30 samples.
The annotators achieved a pairwise within-1 inter-
annotator agreement of 87%, 83%, and 83%, while
within-1 agreement between human annotations
median and the judge model reached 67%, 77%,
and 73% for factuality, relevance, and complete-
ness, respectively. These results provide additional
evidence that the judge-based evaluation aligns
with human preferences and factuality assessments.

D Additional Analyses of Querying
Strategies

D.1 Distribution of Fan-out and Iterative
Queries

Figure 11 shows the distribution of Fan-out and
Iterative queries for each platform.

D.2 Longitudinal Evolution of Querying
Strategies

Figure 12 illustrates how querying strategies evolve
over time across conversational platforms. We
separately report the average number of fan-out
queries, iterative refinements, and total Web queries
per response. While the absolute number of Web

(common) Claude Sonnet 4.6 (24.6) (1.8) 1,009 (26.139.3)
Grok-4.3 3,156 795 7 24.4%
(24.4) (6.2) (21.4.27.8)

2,271
DeepSeek-v4-flash a6 - - -

Table 8: Citation rates (reported with 95% bootstrap
confidence intervals) across platforms in invivo and
models in invitro shows high variability. Numbers in
parentheses denote the average number of search results
or cited URLSs per response.

queries changes across platform deployments, the
overall querying behavior remains relatively stable.
ChatGPT consistently issues more fan-out queries,
whereas Claude relies primarily on iterative refine-
ment.

E Citation Selection and Search Results

E.1 Citation and Grounding Rates by Model

In table 6 we observed different citation rates for
different platforms invivo and invitro. Table 8
extends this analysis by additionally considering
the samples that web call was issued for them
across models invitro (denoted as common).

Table 9 extends the aggregate statistics reported
in table 6 by breaking citation down, along with
Grounding Rate:wx by individual de-
ployed models within each platform invivo. Vari-
ation exists even among models belonging to the
same provider, indicating that model architecture
and deployment policy substantially influence cita-
tion behavior.

E.2 Longitudinal Search Results and Citation
Trends

Figure 13 presents the temporal evolution of search
results and citation behavior across platforms. We
report the average number of search result URLs,
cited URLs, citation rates, and grounding rates over
time. While the volume of search result varies
substantially as platforms evolve, citations remain
comparatively stable, suggesting that citation se-
lection policies change more slowly than retrieval
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Figure 11: Distribution of fan-out (parallel) queries and iterative query reformulations across platforms. ChatGPT
and Grok employ a mixture of fan-out and iterative search, whereas Claude relies primarily on iterative refinement.

Citation Grounding

Platform  Model Rate Rate
gpt-4-1 18.6% 93.8%
gpt-4o0 17.5% 92.7%
gpt-5 14.7% 98.5%
gpt-5-mini 11.3% 91.6%
gpt-5-2 7.8% 99.9%
o3 9.5% 95.0%
ChatGPT  text-davinci-002-render-sha 20.0% 87.5%
gpt-4-1-mini 12.5% 90.3%
gpt-4o-mini 14.2% 88.8%
gpt-5-instant 10.2% 100.0%
gpt-5-thinking 9.4% 99.0%
gpt-5-2-thinking 6.0% 97.5%
Claude — — —
Grok grok-3 1.3% 99.49%
grok-4 4.1% 99.87%
grok-420 0.6% 100.0%
DeepSeek  deepseek-chat 46.5% 100.0%
deepseek-reasoner 27.4% 100.0%

Table 9: Citation and grounding rates across deployed
models within each platform in the invivo dataset. Ci-
tation rate denotes the fraction of search result URLs
that are eventually cited, while grounding rate denotes
the fraction of citations originating from search results.

strategies.

F Hallucinated URL Detection

We detect hallucinated URLs using a four-way clas-
sification framework inspired by prior work on
URL persistence and web citation reliability (Rao
et al., 2026; Onweller et al., 2026). Our pipeline
first evaluates whether a cited URL is currently
reachable and then distinguishes between naturally
decayed links and fabricated URLs using archival
evidence from the Wayback Machine?.

https://web.archive.org/

First, we assess URL reachability over HTTP
using the curl_cffi library®>. We send HTTP re-
quests with redirects enabled and classify URLSs
that return successful responses (2xx status codes)
as Valid. For URLs that return explicit non-
existence signals, specifically HTTP 404 or 410,
we perform an additional archival verification step
using the Wayback Machine. If an archived snap-
shot exists, we classify the URL as Dead, indi-
cating that the URL previously existed but later
became unavailable. In contrast, if no archived
snapshot is found, we classify the URL as Halluci-
nated, a conservative lowerbound, suggesting that
the URL was likely fabricated by the model and
may never have existed. As no archival service
provides complete coverage of the web, rare edge
cases may exist where the historical existence of
a URL cannot be conclusively established from
publicly available archival evidence alone. There-
fore, URLs without archival evidence should be
interpreted as likely, rather than definitively, hallu-
cinated.

Finally, URLs that cannot be conclusively clas-
sified are assigned to an Unknown category. This
category includes network failures, timeouts, ex-
cessive redirects, bot-blocking mechanisms, and
transient 5xx server errors. We intentionally ex-
clude these cases from hallucination judgments
because they do not provide reliable evidence of
non-existence.

3https ://pypi.org/project/curl-cffi/
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Figure 12: Longitudinal evolution of querying strategies across platforms. The figure reports the average number of
fan-out queries, iterative refinements, and total Web queries per response over time.
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Supporting Avg. Factuality

Platform Evidence Score (95% CI)
Associated Citations 3.47 (336-3.59)

Other Citations 3.35 (3.24-347)

ChatGPT Search Results 3.33 (3.19-348)
Parametric Knowledge 2.84 271297

Associated Citations 3.92 (3.56-4.30)

Claude Other Citations 3.53 (3.07-4.18)
Search Results 3.64 (3.21-4.06)

Parametric Knowledge 3.31 @51-4.20)

Associated Citations 4.40 @4.21-458)

Grok Other Citations 4.35 (4.18-4.49)
Search Results 4.26 4.18-433)

Parametric Knowledge 3.40 3.25-3.52)

Associated Citations 4.17 4.08-4.25)

DeepSeck Other Citations 4.31 @4.21-4.40)
P Search Results 4.16 (3.95-4.37)
Parametric Knowledge 3.92 (3.80-4.03)

Table 10: Average factuality scores of response claims
grouped by the source of supporting evidence. Values
are reported as mean with 95% bootstrap confidence
intervals obtained by resampling responses.

G Grounding and Entailment Analysis

This section complements Section 5 by providing
additional entailment analysis and validation for
response claims and their associated citations.

G.1 Claim Factuality Evaluation

To evaluate the factuality of individual response
claims, we use GPT-40-mini with Web search en-
abled to assess each claim on a 5-point Likert
scale. The evaluation prompts are provided in Sec-
tion K.7. We group claims according to the source
of evidence supporting them—cited parametric ev-
idence, cited search result evidence, search result
evidence, and parametric knowledge—and com-
pute the average factuality score for each category.
To quantify uncertainty, we estimate 95% bootstrap
confidence intervals by resampling responses with
replacement. The resulting factuality scores and
confidence intervals are reported in Table 10.

G.2 Entailment Validation

To validate the entailment evaluation pipeline, we
additionally conduct a human annotation study over
30 randomly sampled examples. Three annota-
tors independently labeled whether response claims
were supported by their associated cited sources.
The annotations achieved an inter-annotator agree-
ment of 78.2%, while agreement between hu-

Supporting Avg. Factuality

Model
ode Evidence Score (95% CI)
Associated Citations 3.47 (3.28-3.65)
Other Citations 3.07 2.90-3.26)
GPT-5.3 Search Results 2.88 (2.74-3.03)
Parametric Knowledge 2.60 (2.39-2.79)
Associated Citations 3.00 (2.84-3.16)
Other Citations 3.08 (2.90-3.26)
Claude Sonnet 4.6 Search Results 2.94 273-3.16)
Parametric Knowledge 2.66 (2.46-2.88)
Associated Citations 3.41 321-3.60)
Other Citations 3.23 3.07-338)
Grok-4.3 Search Results 3.11 285337
Parametric Knowledge 2.86 (2.68-3.06)

Table 11: Average factuality scores of response claims
grouped by the supporting evidence source in the
invitro replay experiments. Values are reported as
mean with 95% bootstrap confidence intervals obtained
by resampling responses.

man annotations and the automated judge reached
93.1%, indicating moderate-to-high consistency
between automated and human entailment assess-
ments.

H Additional invivo Results

In this section, we show the results of our analysis
on all platforms.

H.1 Web Search Call Trends of AI Platforms

Figure 14 shows the monthly share of turns involv-
ing tool calls across four platforms, broken down
into web-search calls and non-web calls. A com-
mon trend across all four platforms is the steady
rise of web-calling turns over time, reflecting grow-
ing demand for grounding model outputs in search
result web content. ChatGPT adopted tool call-
ing as early as 2023, and while web-search calls
have continued to increase steadily, non-web tool
calls have plateaued through 2026. In contrast,
non-web tool use on Claude grew sharply begin-
ning in mid-2025, suggesting that user demand for
tool functionality is not uniform across platforms.
Grok introduced web calls in early 2026, with
adoption rising rapidly thereafter, while DeepSeek
has supported web calling since 2024 and exhibits
a sharp rise beginning in early 2026. By early
2026, the gap between web-search calls and all
tool calls nearly disappears for ChatGPT, Grok,
and DeepSeek, whereas Claude continues to main-
tain a noticeable share of non-web tool calls.
Figure 15 further breaks down web-calling turns
by model within each platform. Across all three
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Figure 14: Fraction of turns invoking Web search and other tools over time across conversational platforms. Web-

search calls increasingly dominate overall tool usage.

platforms, reasoning- or thinking-oriented mod-
els (e.g., 03, gpt-5-thinking, grok-4, deepseek-
reasoner) consistently exhibit higher rates of web
calling than non-reasoning models, suggesting that
reasoning-capable models more readily leverage
web search as part of their response generation.

H.2 Topics Inducing Web search

Figure 16 shows the web-calling rate across topics
on each platform. A common pattern across all
four platforms is that topics requiring up-to-date
or location-specific information, such as Travel,
Weather and Climate, Shopping, and Events, con-
sistently exhibit the highest web-calling rates. In
contrast, topics that rely primarily on parametric
knowledge or reasoning, such as Programming,
Math, and Language, sit at the lower end of the
distribution. This indicates that web search is in-
voked selectively based on the informational needs
of the topic rather than uniformly across all queries.
At the same time, the topic rankings differ notice-
ably across platforms. On ChatGPT, Travel and
Shopping-related topics dominate, whereas Claude
shows the highest web-calling rates for Weather

and Climate, Gift Suggestions, and Shopping. Grok
exhibits a distinctive profile in which Scientific
Writing and Animals/Pets-related queries appear
among the top, while DeepSeek concentrates web
calls on Travel, Drinks, and Shopping. These dif-
ferences likely reflect both the user populations of
each platform and the kinds of queries for which
users perceive web grounding to be most beneficial.

Figure 17 shows that the rising trend in Web
search usage generally holds across different con-
versation topics. However, the fraction of user
prompts triggering Web search varies considerably
by topic — for example, Travel-related prompts
invoke Web search much more frequently than
Health-related prompts on ChatGPT. This variation
is also platform-dependent: ChatGPT exhibits a
relatively gradual and broad-based increase across
topics, whereas Claude, Grok, and DeepSeek show
sharper, topic-specific fluctuations, with some cate-
gories briefly approaching 100%.

H.3 Provenance of Web Query Reformulation

Figures 18 and 19 show the distribution of key-
word sources in web queries at the first reformu-
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Figure 15: Fraction of turns invoking Web search across deployed models within each platform. Reasoning-oriented
models consistently invoke Web search more frequently than non-reasoning models.

lation iteration and at subsequent reformulation
iterations, respectively, across ChatGPT, Claude,
and Grok. DeepSeek is excluded from this analysis
as its traces do not expose the actual queries issued
to web search. In the first iteration, both ChatGPT
and Claude rely predominantly on Conversation
History as the source of new keywords, while Lat-
est User Prompt and Parametric Knowledge con-
tribute substantially smaller portions. Grok shows
a markedly different profile, with all three sources
contributing comparable shares. In subsequent re-
formulation iterations, Search Results additionally
appear as a possible keyword source, reflecting
whether earlier retrievals can inform later queries.
On ChatGPT and Claude, Conversation History
continues to dominate even after reformulation,
while Search Results contribute only marginally,
indicating that query reformulation on these plat-
forms is primarily driven by the existing conver-
sational context rather than by adapting to what
has just been retrieved. On Grok, in contrast,
Search Results emerge as a meaningful source
alongside Conversation History and Parametric
Knowledge, suggesting that Grok more actively
incorporates search result content when reformulat-
ing its queries.

H.4 Query Specificity

To quantify query specificity, we compare consec-
utive query formulations along three dimensions:
temporal, geographic, and entity specificity. For
each dimension independently, the judge model
scores each query on a 5-point Likert scale and an
increase in these scores shows that the later query
is more specific than the earlier one. If the reformu-
lated query introduces additional constraints that
make the search more precise (e.g., adding an exact
date, a more specific location, or a named entity),
we assign a score of +1 for that dimension. If speci-

ficity remains unchanged or decreases, we assign
a score of 0. We then average these binary scores
across all query pairs to obtain the average speci-
ficity increase reported in Figures 20 and 21. Thus,
a value of 40% indicates that specificity increased
in that dimension for approximately 40% of query
reformulations.

H.5 Validity and Hallucination of Cited URLs

Platform  Type Valid Unk. Hall. Dead Total
R 137,217 16,607 3,190 2,566 159,580
ChatGPT (85.99%)  (10.41%)  (2.00%)  (1.61%)
p 7,930 845 87 68 8,930
(88.80%)  (9.46%)  (0.97%)  (0.76%)
R 4,781 491 60 77 5,409
Claude (88.39%) (9.08%) (L11%)  (1.42%)
P 205 29 8 17 259
(79.15%) (11.20%)  (3.09%)  (6.56%)
R 1,784 149 5 5 1,943
Grok (91.82%) (7.67%) 0.26%)  (0.26%)
P 4 3 0 0 7
(57.14%) (42.86%)  (0.00%)  (0.00%)
R 6,710 694 132 74 7,610
DeepSeek 88.17%)  (9.12%)  (1.73%)  (0.97%)
P 0 0 0 0 0

Table 12: invivo cited URL validity breakdown for
different platforms by citation type. R denotes retrieved
citations, while P denotes citations attributed to para-
metric knowledge. Valid URLSs are reachable, Unk. in-
dicates unverifiable URLs, Hall. indicates hallucinated
URLs, and Dead indicates stale URLs.

Table 12 reports the validity breakdown of cited
URLSs across the four platforms, separated into
search result (R) and parametric (P) citations. Con-
sistent with the observation in the main text, hallu-
cinated URLs account for only a small fraction of
search result citations on every platform — 2.00%
on ChatGPT, 1.11% on Claude, 0.26% on Grok,
and 1.73% on DeepSeek — indicating that hallu-
cinated URLs are rare regardless of platform. A
similar pattern holds for parametric citations on
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Figure 16: Fraction of conversational turns invoking Web search across topics. Topics requiring up-to-date or
location-specific information consistently exhibit higher Web-search rates.

ChatGPT, where the hallucination rate remains
low (0.97%). Claude’s parametric citations show
a higher hallucination rate (3.09%), though this
estimate is based on a small sample (8 of 259 para-
metric citations) and should be interpreted with
caution. Overall, these results suggest that the ab-
sence of retrieval grounding does not substantially
increase the likelihood of URL hallucination for
ChatGPT, while the pattern for Claude is less con-
clusive given the limited sample size.

H.6 Source Preferences

Figure 22 shows the Tranco rank distributions of
search results, cited search results, and cited para-
metric URLSs across platforms. Consistent with the
pattern observed on ChatGPT, Grok’s cited para-
metric URLs tend to have higher-ranked domains
(lower Tranco rank values) than search result cita-
tions, while Claude’s cited parametric URLs show
a rank distribution similar to its search result cita-
tions. Figure 23 shows the top 20 domains on each
platform across three categories: Top Search Result
Domains, Top Cited Search Result Domains, and
Top Cited Parametric Domains. Across all four

platforms, the search result domain distributions
are dominated by a small number of high-traffic
reference sites such as wikipedia.org, reddit.com,
and youtube.com. Beyond this commonality, how-
ever, the composition of top search result domains
reveals distinct platform characteristics: ChatGPT,
Grok, and Deepseek are dominated by general con-
sumer sites such as reddit.com, youtube.com, and
facebook.com, whereas Claude shows a different
profile in which coding- and programming-related
sites, such as github.com, learn.microsoft.com, and
stackoverflow.com, occupy the top positions. The
Top Cited Search Result Domains largely mirror
the search result distributions on each platform, in-
dicating that citations are drawn primarily from
the search result URLs. The Top Cited Parametric
Domains, which capture domains referenced from
parametric knowledge without retrieval, exhibit the
most distinct cross-platform differences. ChatGPT
is overwhelmingly dominated by wikipedia.org,
while Claude shows a comparatively flat distri-
bution spanning diverse domains such as sales-
force.com, withorb.com, and asus.com. Grok pro-
duces only 14 parametric citations out of 3,916 in
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Figure 17: Longitudinal Web-search rates across topics. Although Web-search usage generally increases over time,
substantial topic-dependent variation also persists across platforms.
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Figure 19: Sources of newly introduced keywords during iterative query reformulation. Search results increasingly
contribute to later query formulations, particularly on Grok.

total, all of which are concentrated on x.com and
droix.net. For DeepSeek, no parametric citations
are observed, as its trace format structurally at-
taches citations only to search result URLs, render-
ing parametric citations unobservable by construc-
tion. Overall, although the search result domains
differ across platforms, conversational agents con-
sistently prioritize a relatively small set of authori-
tative domains when generating citations.

I Additional invitro Results

I.1 Querying Strategies

Figure 24 shows that different models adopt differ-
ent querying strategies.

1.2 Search Result Domain Preferences

Figures 26 and 27 present the distribution of search
result and cited domains for the invitro exper-
iments (over all web calling samples and com-
mon web calling samples across models, respec-
tively). Because every model receives the same
user prompts, the observed differences primarily
reflect platform-specific search systems rather than
differences in user behavior. Similar to the invivo
observations, differences exist in the domains em-
phasized by different search systems. More specif-
ically, Figure 25 shows top 10 domains preferred
by the search engines.

1.3 Search Results and Citation Ranks

Figure 28 compares the Tranco ranks of search re-
sult URLs and cited URLSs across different models.
Consistent with the invivo setting, cited URLs
generally originate from higher-ranked domains
than the overall search results, indicating that con-
versational agents preferentially rely on more au-
thoritative sources when generating responses.

I.4 Search Result Statistics

Table 14 and Figure 29 summarize the amount
of evidence from search results by each model.
invitro (all) denotes results over all 1000 sam-
ples, while invitro (common) denotes results over
all common Web calling samples across all plat-
forms. Despite receiving identical user prompts,
these models’ search results lead to substantially
different numbers of URLs per query and per re-
sponse. These differences mirror the platform-
specific search behavior observed in the invivo
dataset and further demonstrate that search strate-
gies are determined not only by user prompts but
also by the deployed search system.
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Figure 20: Average increase in temporal, geographic, and entity specificity across successive query reformulations
in the invivo setting. Higher values indicate that reformulated queries become more constrained along the
corresponding dimension..

Platform Type Valid Unk. Hall. Dead  Total
460 62 1 3 526
ChatGPT (87.45%)  (11.79%)  (0.19%)  (0.57%)
(All)
P 8 0 0 0 8
(100.00%)  (0.00%)  (0.00%)  (0.00%)
R 6,064 538 121 67 6,790
Claude (89.31%) (1.92%)  (1.78%)  (0.99%)
(All)
P 0 0 0 0 0
(0.00%) (0.00%)  (0.00%)  (0.00%)
R 4,037 304 5 18 4,364
Grok (92.51%) 6.97%)  (0.11%)  (0.41%)
All
(AID P 37 3 1 1 42
(88.10%) (7.14%)  (238%)  (2.38%)
R 435 62 1 3 501
ChatGPT (86.83%)  (12.38%)  (0.20%)  (0.60%)
(Common)
P 8 0 0 0 8
(100.00%)  (0.00%)  (0.00%)  (0.00%)
870 108 22 9 1,009
R
Claude (86.22%)  (10.70%)  (2.18%)  (0.89%)
(Common)
P 0 0 0 0 0
(0.00%) 0.00%)  (0.00%)  (0.00%)
701 70 0 0 771
R
Grok (90.92%) (9.08%)  (0.00%)  (0.00%)
(Common)
P 21 2 0 1 24
(87.50%) (833%)  (0.00%)  (4.17%)

Table 13: invitro cited URL validity breakdown for
different platforms under the All and Common settings
by citation type. R denotes retrieved citations, while
P denotes citations attributed to parametric knowledge.
Valid URLSs are reachable, Unk. indicates unverifiable
URLs, Hall. indicates hallucinated URLs, and Dead
indicates stale or inaccessible URLs.

#Web Avg. #Web Queries  Avg. #URLs Avg. #URLs

Category Model Queries /User Prompt /Web Query  /User Prompt
(95% CI) (95% CI) (95% CI)

GPT-5.3 279 2,11 @oa2200  17.71 7271804y 37.42 G614-3871)

invitro  Claude Sonnet 4.6 2,000 242 21259 8.54 8.49-860)  20.71 (19.39-22.09)

(all) Grok-4.3 2.885 3.80 @68-301) 5.92 585600 22.49 @uis232)

DeepSeek V4 Flash 1,657 2.84 67301 6.39 623655 18.12 (17.22-1904)

GPT-5.3 267 2.12 @022 17.61 a707-1805)  37.32 @6.01-38.60)

invitro Claude Sonnet 4.6 368 2.85 235-3.40) 8.63 555872 24.63 (2026-2936)

(common) Grok-4.3 518 4.14 (3.864.42) 6.09 (5.91-628)  25.25 (23.40-27.11)

DeepSeek V4 Flash 410 3.18 279357 5.54 521586 17.60 (15.70-19.63)

Table 14: Web-search querying and search results across

model invitro.
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Figure 23: Top 10 domains across platforms.
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Figure 25: Top 10 domains preferred by search engines across platforms, exhibiting substantial differences in
domain preferences.



Top Search Results Domains Top Search Results Domains

20% . 4% .
10% 2%
0% I O‘V: I D D e B S S e —
09 0O oM o o g0V . yord q oo¥ o9 o9 o™ o o™ o o o
G ed\a r%“‘ 05‘ WS \N‘«' eS a(\“] (A5 a‘e g “c 0 9% *\“ PR P e €0 artc
" e e of o P02 (e a@“e aof e A N ase w,\“\\]e ‘“-Lo P 20 o a“\m :\é a0 ‘oa\J 0
- 0
-4 — xe?!
=] 4
Top Cited Search Results Domains . .
k] 6% P % Top Cited Search Results Domains
g : .
4% 2%
o )
g %:2 N S S e e S E— E— — 2 1%.--
= 9, I S S s S e E—
g 50000 O O .0 »;m\?"qnq °°‘“ov° O e OB o g 9 <00 O .00 o O o0 o
e 2o \ -\ \& o 50" o) O Of 0 Of
g W ot re“ eC “Qaar e ot \a“% ot 3 N_\\(.\ped\a ac\;“ C\m “ﬁq e ‘NmC (ar\;\ m\m\wc AN g0 ¢
wo B o
Top Cited Parametric Domains
28:? Top Cited Parametric Domains
o
20%
0%
) <o co®
o <025 o8
c‘d"“\m a\“er.\v £
(a) ChatGPT (b) Claude
Top Search Results Domains Top Search Results Domains
q_
o
] ] |
% e — — o [ [ [ | eyttt
O 0 (5060 O o0 g o 1 gV o0 o o com® ot o o™ o
o¥- TACIPE 0\4 0“ SR\ oR \\8 0! <o 0 o co® o ol
9 (edd\ioul\l‘; b° \L\Pe ‘aan x\\4‘- “\a1 auo! \W‘b. _“\(“'“ \\(\ped q\“\ “gs‘(\“ wse 8P ey app\i qoo‘l 3\'6“‘\’\95 200"
z et 9 p" 9\ an
s Top Cited Search Results Domains 4 “\e
) > o
" 6% . 5 Top Cited Search Results Domains
o
g e
=
g T\l 3&“ o< ‘o o \j\“c d‘) »;,bC r'0(20‘4 g
e O a
9 i Ay e o 4o “w ama‘l- s‘ag‘ \“\qa A e @
&
Top Cited Parametric Domains
§é . [ TR R mp—— Top Cited Parametric Domains
© gd\‘sﬁ ebac\‘ qa o %:’mo(\dec e °°mu““°¢ O bC co® s ot
Ao ﬁgs‘“o a0 go”
(of po\“e‘bo
(c) Grok (d) DeepSeek

Figure 26: Top 10 domains across platforms invitro.
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Figure 27: Top 10 domains across platforms invitro over the intersection of all web calling samples.
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J Human Annotation and Judge
Validation

To validate the reliability of the judge-based eval-
uations used throughout this work, we conducted
a human annotation study with 3 authors as anno-
tators across multiple tasks, including web-trigger
identification, query categorization, query reformu-
lation analysis, query specificity, replay evaluation,
and response entailment.

We use the same set of 30 sampled user
prompts across the web-triggers, query-type,
replay-evaluation, and entailment-validation tasks
to ensure consistency across evaluations. For
query reformulation analysis, we annotate the first-
iteration web queries generated from these prompts,
resulting in 46 reformulation instances. For en-
tailment evaluation, annotators additionally assess
whether cited response chunks are supported by
their associated retrieved sources.

Three independent annotators participated in the
study. For categorical tasks, we aggregate annota-
tions using majority voting. For replay evaluation
metrics (factuality, relevance, and completeness),
which use 5-point Likert scales, we aggregate an-
notations using the median score.

Table 15 summarizes agreement statistics across
tasks. We report pairwise human agreement, Fleiss’
k for categorical annotations, and judge agree-
ment with aggregated human labels. For replay
evaluation metrics, we report pairwise within-1
agreement between annotators, average pairwise
quadratic weighted  as the reliability measure,
and within-1 agreement between the judge and the
human median score.

Table 15 illustrates the high agreement among
our human annotators and the judge. These results
provide additional evidence that the judge model
produces evaluations that closely align with hu-
man assessments, supporting its use throughout
this work.

K Prompts

In this section, we have provided all the prompts
used in our evaluation. To prevent cross-platform
data leakage, we used a different judge model
for each platform, selecting models of com-
parable capability: GPT-4o0-mini for ChatGPT,
Claude-Haiku-3.5 for Claude, Grok-3-mini for
Grok, and Deepseek-chat for DeepSeek.

K.1 PII Identification

The PII identification prompt is shown in Fig. 30.

K.2 Factuality, Completeness, and Relevance
Evaluations

The system prompts for the factuality, complete-
ness, and relevance evaluations are shown in
Figs. 31, 32, and 33, respectively. The user prompt
is shared across all three evaluations and is shown
in Fig. 34.

K.3 System Prompts of GPT models

The system prompts for the GPT models, includ-
ing GPT-5.3-Chat, GPT-4.1-mini, and 04-mini, are
shown in Figs. 35, 36, and 37, respectively.

K.4 Query Specificity

We evaluate query specificity along three dimen-
sions: temporal, geographic, and entity. The sys-
tem and user prompts for the temporal evaluation
are shown in Figs. 38 and 39, respectively. The cor-
responding prompts for the geographic evaluation
are shown in Figs. 40 and 41. The correspond-
ing prompts for the entity evaluation are shown in
Figs. 42 and 43.

K.5 Type of Query

The system and user prompts for user & Web query
type classification are shown in Figs. 44 and 45,
respectively.

K.6 Query Reformulation Behaviour

The system and user prompts for query reformu-
lation behaviour are shown in Figs. 46 and 47, re-
spectively.

K.7 Claim Extraction & NLI Evaluations

To evaluate the grounding and factuality of model
responses, we first extract atomic claims, then de-
termine whether each claim is entailed by evidence
from cited or retrieved URLs using NLI, and finally
assess the factuality of each claim. The correspond-
ing system and user prompts for each stage are
shown below. Specifically, the prompts for claim
extraction are shown in Figs. 48 and 49, respec-
tively. The system and user prompts for NLI-based
grounding evaluation are shown in Figs. 50 and 51.
Finally, the system and user prompts for factuality
evaluation are shown in Figs. 52 and 53.



Task #Items Aggregation Human Agreement Reliability Judge Agreement

Policy Trigger Identification 30 Majority 0.778 0.705 0.964
Query Specificity (Temporal) 30 Median 0.956 0.686 0.967
Query Specificity (Geographic) 30 Median 0.933 0.527 1.00
Query Specificity (Entity) 30 Median 0.856 0.416 0.900
Query Type Classification 30 Majority 0.778 0.566 0.929
Query Reformulation Reason 46 Majority 0.825 0.590 0.881
Replay Factuality 30 Median 0.867 0.005 0.667
Replay Relevance 30 Median 0.833 0.223 0.767
Replay Completeness 30 Median 0.833 0.332 0.733
Response Entailment (NLI) 30 Majority 0.782 0.167 0.931

Table 15: Human annotation agreement and judge validation across evaluation tasks. Human agreement denotes
pairwise annotator agreement. Reliability corresponds to Fleiss’ « for categorical tasks and average pairwise
quadratic weighted x for replay evaluation metrics; for the latter, lower s values can arise even when within-1
agreement is high if annotators use the ordinal scale with consistent offsets. Judge agreement measures agreement
between the automated judge and aggregated human annotations.

L Disclaimer to Annotators

Figure 54 shows the screenshot of a disclaimer
given to human annotators.



Prompt for PII Identification

You are an annotator that identifies the personal data or sensitive data in a two-party conversation (User A and User B).
Return ONLY valid JSON; do not include explanations outside JSON.

## GDPR Reference

- %%GDPR Article 4(1)*x defines personal data as any information relating to an identified or identifiable natural person, including identifiers such as
a name, an identification number, location data, an online identifier, or to one or more factors specific to the physical, physiological, genetic,
mental, economic, cultural or social identity of that person.

- x%xGDPR Article 9(1)** defines special category personal data as data revealing racial or ethnic origin, political opinions, religious or philosophical
beliefs, or trade union membership, and the processing of genetic data, biometric data, data concerning health, or data concerning a natural person’s sex
life or sexual orientation of that person.

## Questions to Answer

We are providing only the list of xxUser A’s . For each , answer the following:

1) Does the attached conversation have any personal information of **User A** as defined by GDPR Article 4(1)?
- Answer "Yes" or "No".
- If "Yes”, specify the x*xtype(s) of personal dataxx and the **xexact instance(s) from the messagex* in a list. Choose the type of data from below
(exact strings):
Name | Birth Information | Phone Number | Email Address | Location | Online Identifiers | Economic or Financial Information | Educational Information
| Employment Information | Social Identity | Business or Project Information | Physical Identity (Hair, body weight, height..etc) | Cultural Identity
| Social Identity | Travel history | Animals/Pet Information | Family/Friends Information (including name, health, relationship..etc) | Device
Information | Other Identification numbers
- If Other, please specify the type.

2) Does the attached conversation have any special categories of personal data of xxUser Ax* as defined by GDPR Article 9(1)?
- Answer "Yes" or "No".
- If "Yes", specify the xxtype(s) of special category data*x and the *xexact instance(s) from the message*x in a list. Choose the type of data from
below (exact strings):
Political opinions | Racial or ethnic origin | Sex life | Sexual Orientation | Relationship details | Mental Health | Other Health Information |
Biometric data | Genetic data | Religious beliefs | Philosophical beliefs | Personal views and feelings
- If Other, please specify the type.

## Important Notes
- Only analyze **User A’s messages** (the list provided).

- Use the schema exactly as provided.
- Do not include explanations outside the JSON object.

## Output JSON schema (and nothing else):

"data_per_turn”: [

{
"turn_index": <int, @-based>,
"personal_data": {
"present”: "Yes|No",
"types”: [
{
"type": "<type of personal data>",
"instance”: "<exact instance from message>"
}
]
3,
"special_category_data”: {
"present”: "Yes|No",
"types”: [
"type": "<type of special category data>",
"instance": "<exact instance from message>"
}
]
3}
}
]
3
\ J

Figure 30: Prompt for PII identification.



System Prompt for Factuality Evaluation

You are an evaluator assessing the factual correctness of an AI-generated response
to a user query.

Evaluate:
- Is the response factually correct and free from hallucinations or false claims?
- Is the information up-to-date and not outdated when recency matters?

Return JSON:

{
"score": 1-5,
"reasoning”: "<1-2 sentence explanation>"

}

Scoring guide:

1 = Mostly incorrect or clearly hallucinated; core claims are wrong

2 = More incorrect than correct; contains significant factual errors that undermine
the answer, even if some parts are right

3 = Mixed accuracy; contains both correct and incorrect claims of similar importance
4 = Mostly correct; minor inaccuracies or slightly outdated details that do not
change the overall answer

5 = Fully correct, precise, and up-to-date; no meaningful errors

Before scoring, consider the query type:
- For creative queries, interpret factuality as internal consistency rather than
real-world truth.

Figure 31: System prompt for factuality evaluation.



System Prompt for Completeness Evaluation

You are an evaluator assessing the completeness of an Al-generated response to a
user query.

Evaluate:
- Does the response fully address and cover all parts of the user’s question?

Return JSON:

{
"score": 1-5,
"reasoning”: "<1-2 sentence explanation>"

}

Scoring guide:

1 = Very incomplete; misses most parts of the question or fails to address the main
request

2 = Partially incomplete; addresses some parts but omits major components of the
question

3 = Moderately complete; covers the main request but misses some secondary aspects
or details

4 = Mostly complete; addresses nearly all parts with only minor omissions

5 = Fully complete; covers all aspects of the question thoroughly

Before scoring, consider the query type:
- For open-ended queries, interpret completeness as reasonable coverage of key
aspects, not exhaustiveness.

Figure 32: System prompt for completeness evaluation.



System Prompt for Relevance Evaluation

You are an evaluator assessing how relevant an Al-generated response is to a user
query.

Evaluate:

- Does the response directly address the user's question or intent?

- Is the response concise, to the point, and free from off-topic or unnecessary
information?

Return JSON:

{
"score": 1-5,
"reasoning”: "<1-2 sentence explanation>"

3

Scoring guide:

1 = Irrelevant; does not address the user’s question or intent at all

2 = Weakly relevant; touches on the topic but largely misses the user’s intent
or includes substantial off-topic content

3 = Partially relevant; addresses the main intent but includes noticeable
irrelevance or digressions

4 = Mostly relevant; well-aligned with the intent with only minor off-topic or
unnecessary details

5 = Fully relevant; directly and precisely addresses the user’s intent with no
unnecessary content

Figure 33: System prompt for relevance evaluation.



User Prompt for Factuality/Completeness/Relevance Evaluation

Evaluate the following.

User Query:
{user_query}

AI Response:
{response}

Return ONLY valid JSON in this exact format:

{

"score": <integer 1-5>,
"reasoning"”: "<string>"
}

Rules:

- Do not include any text outside the JSON
- Do not add explanations before or after
- Ensure the JSON is valid

Figure 34: User prompt for the three evaluations: factuality, completeness, and relevance.



Extracted System Prompt from GP’

# Web Tool Usage
Use the “web™ tool according to the following triggers.
## (1) Volatile/Temporal Information — Time-sensitive or frequently changing info (e.g., news, weather, prices, sports, policies, releases).
- Information that are fresh, current, or time-sensitive.
- Information that are could change over time and must be verified by web searches at the time of the request.
- Contemporary people info. celebrities, politicians, LinkedIn profiles, recent works.
- Requests for Opinions, Reviews, Recommendations, and information that often rely on changing trends or community sentiment.
## (2) Unfamiliar Term/Typo — Rare, ambiguous, or possibly misspelled terms requiring lookup.
- Requests for information about named Entities, Public Figures, Companies, Brands, Products, Services, Places, etc.
## (3) High-Investment Recommendation — Decisions involving significant time, money, or commitment (e.g., travel, purchases, services).
- Information in domains that require fresh and accurate data, including:
- Local or travel queries. For example: restaurants near me, shops, hotels, operating hours, itineraries, localized time, etc.
- Requests related to physical retail products (e.g. Fashion, Clothing, Apparel, Electronics, Home & Living, Food & Beverage, Auto Parts), including
(but not limited to) product searches, recommendation or comparisons, price look-ups, general information about products, etc.
## (4) Attribution/Sourcing Needed — Requires verifiable sources, citations, quotes, or links.
- Requests for online resources, such as tools, tutorials, courses, manuals, documentations, reference materials, social updates, etc.
## (5) External Reference — Mentions a specific external resource not included in the prompt (e.g., URL, paper, dataset).
- Navigational queries, where the user is requesting links to particular site or page. For example, queries that are just short names of websites,
brands, and entities, such as "instagram”, "openai”, "apple”, "wiki”, "booking", "white house".
- Data retrieval tasks, such as accessing specific external websites, pages, documents, or summarizing information from a given URL.

## (6) Low Confidence/Niche Fact — Obscure, highly specific, or emerging topics with high hallucination risk.

- Requests for deep / comprehensive research into a subject.
- Difficult questions where you might be able to improve by drawing on external sources.

## (7) High-Stakes Accuracy — Medical, legal, or financial queries where errors could cause harm.

- High stakes queries. You must use the web for verification if factual inaccuracies in your response
could lead to serious consequences, e.g. legal matters, regulations, policies, financial matters, medical matters, election results, government
office-holders, etc.

## (8) User Verification — User asks to confirm, validate, or fact-check information.

- Information that should be specific, accurate, verifiable, and trustworthy. Fact-checking using the web are required for such information even if the
information are considered not changing over time.

## (9) Explicit Command — User explicitly asks to search, browse, or check online.

- If the user makes an explicit request to search the internet, find latest information, look up, etc, you must obey their request.
- If the user asks you to not access the web, then you must not use this tool.

Do **not** use the “web~ tool when web information would not help answer the user's request. Examples include:

- Greetings, pleasantries, and other casual chatting.

Non-informational requests.

Creative writing when no references are required.

Requests to rewrite, summarize, or translate text that is already provided.
- Requests towards other tools other than the “web™ tool.

Questions about yourself, your own opinions, or purely internal analysis.

Figure 35: Extracted system prompt from GPT-5.3-Chat




Extracted System Prompt from GPT-4.1-mini

# Web Tool Usage
Use the “web™ tool according to the following triggers.

## (1) Volatile/Temporal Information — Time-sensitive or frequently changing info (e.g., news,
weather, prices, sports, policies, releases).

- *xFreshness:** If up-to-date information on a topic could potentially change or enhance the answer,
call the “web™ tool any time you would otherwise refuse to answer a question because your knowledge
might be out of date.

## (2) High-Investment Recommendation — Decisions involving significant time, money, or commitment
(e.g., travel, purchases, services).

- x%Local Information:*x Use the “web” tool to respond to questions that require information about
the user's location, such as the weather, local businesses, or events.

## (3) Low Confidence/Niche Fact — Obscure, highly specific, or emerging topics with high
hallucination risk.

- x*Niche Information:** If the answer would benefit from detailed information not widely known
or understood (such as details about a small neighborhood, a less well-known company, or arcane
regulations), use web sources directly rather than relying on the distilled knowledge from
pretraining.

## (4) High-Stakes Accuracy — Medical, legal, or financial queries where errors could cause harm.
- x*Accuracy:** If the cost of a small mistake or outdated information is high (e.g., using an

outdated version of a software library or not knowing the date of the next game for a sports team),
then use the “web™ tool.

Figure 36: Extracted system prompt from GPT-4.1-mini



Extracted System Prompt from o4-mini

# Web Tool Usage
Use the “web™ tool according to the following triggers.

## (1) Volatile/Temporal Information — Time-sensitive or frequently changing info (e.g., news,
weather, prices, sports, policies, releases).

- You *must* browse the web for *any* query that could benefit from up-to-date information.

- Example topics include but are not limited to politics, current events, weather, sports, scientific
developments, cultural trends, recent media or entertainment developments, general news, or many many
other types of questions.

- It's absolutely critical that you browse, using the “web™ tool, *anyx time you are remotely
uncertain if your knowledge is up-to-date and complete.

- If the user asks about the "latest” anything, you should likely be browsing.

- If the user makes any request that requires information after your knowledge cutoff, that requires
browsing.

- Further, you *mustx also browse for high-level, generic queries about topics that might plausibly
be in the news (e.g. "Apple”, "large language models”, etc.).

- If you are asked to do something that requires up-to-date knowledge as an intermediate step, it's
also CRUCIAL you browse in this case.

- For example, if the user asks to generate a picture of the current president, you still must browse
with the “web™ tool to check who that is; your knowledge is very likely out of date for this and many
other cases!

- Remember, you MUST browse (using the “web™ tool) if the query relates to current events in politics,
sports, scientific or cultural developments, or ANY other dynamic topics.

## (2) External Reference — Mentions a specific external resource not included in the prompt (e.g.,
URL, paper, dataset).

- You *must* also browse for navigational queries (e.g. "YouTube"”, "Walmart site").

## (3) Low Confidence/Niche Fact — Obscure, highly specific, or emerging topics with high
hallucination risk.

- You *must* browse the web for *anyx query that could benefit from niche information.
- Example topics include esoteric topics and deep research questions.

## (4) High-Stakes Accuracy — Medical, legal, or financial queries where errors could cause harm.
- Incorrect or out-of-date information can be very frustrating (or even harmful) to users.
## (5) Explicit Command — User explicitly asks to search, browse, or check online.

- Unless the user explicitly asks you not to browse the web.
- Err on the side of over-browsing, unless the user tells you not to browse.

Figure 37: Extracted system prompt from o4-mini



System Prompt for Temporal Specificity

You are an impartial evaluator whose only task is to measure the temporal
specificity of a grounding query.

Temporal specificity measures how precisely the query specifies WHEN the requested
information is relevant.

Assign exactly one score from 1 to 5.
Scoring rubric:

1 — No time reference.
Examples:

- laptop price

- weather

- best restaurants

2 — Broad or vague timeframe.
Examples:

- latest

- recent

- upcoming

- modern

3 — Relative time.
Examples:

- today

- yesterday

- this week

- last month

- next weekend

4 — Specific date or month/year.
Examples:

- June 2026

- March 15

- 2025 Q4

5 — Exact date and time.
Examples:

- June 3, 2026

- June 3, 2026 9:00 AM EST
- 2025-11-15T14:30 UTC

Evaluation rules:

- Judge only the text of the query.

- Do not infer missing temporal information.
- Ignore all non-temporal aspects.

Return only valid JSON.

{{
"score": <1-5>,
"reason”: "<one concise sentence>"

33

Figure 38: System prompt for temporal specificity



User Prompt for Temporal Specificity

Evaluate the temporal specificity of the following grounding query.

Grounding Query:
{QUERY}

Use the temporal specificity rubric provided in the system instructions.

Return ONLY valid JSON in the following format:

18t

"score”: <integer between 1 and 5>,
"reason”: "<one concise sentence explaining the score>"

33

Figure 39: User prompt for temporal specificity



System Prompt for Geographic Specificity

You are an impartial evaluator whose only task is to measure the geographic
specificity of a grounding query.

Geographic specificity measures how precisely the query specifies WHERE the
requested information applies.

Assign exactly one score from 1 to 5.
Scoring rubric:

1 — No location.
Examples:

- best restaurants
- weather

- laptop price

2 — Large region or continent.
Examples:

- Europe

- North America

- Southeast Asia

3 — Country, state, or province.
Examples:

- Japan

- California

- Germany

4 — City or locality.
Examples:

- Seattle

- Tokyo

- Manhattan

5 — Exact place.

Examples:

- Pike Place Market

- Tokyo Station

- 1600 Pennsylvania Avenue
- GPS coordinates

Evaluation rules:

- Judge only the wording of the query.

- Do not infer any location.

- Ignore all non-geographic information.

Return only valid JSON.

{{
"score": <1-5>,
"reason”: "<one concise sentence>"

33

Figure 40: System prompt for geographic specificity



User Prompt for Geographic Specificity

Evaluate the geographic specificity of the following grounding query.

Grounding Query:
{QUERY}

Use the geographic specificity rubric provided in the system instructions.

Return ONLY valid JSON in the following format:

18t

"score”: <integer between 1 and 5>,
"reason”: "<one concise sentence explaining the score>"

33

Figure 41: User prompt for geographic specificity



System Prompt for Entity Specificity

You are an impartial evaluator whose only task is to measure the entity specificity
of a grounding query.

Entity specificity measures how precisely the query identifies the object, person,
organization, product, document, or item being requested.

Assign exactly one score from 1 to 5.
Scoring rubric:

1 — Generic category only.
Examples:

- laptop

- restaurant

- phone

2 — Category with descriptive qualifiers.
Examples:

- gaming laptop

- Italian restaurant

- electric SUV

3 — Named brand, company, organization, or person.
Examples:

- Dell laptop

- Apple Watch

- Starbucks

4 — Product family, model, or uniquely named item.
Examples:

- Dell XPS 15

- iPhone 16 Pro

- Tesla Model Y

5 — Exact model, SKU, identifier, or uniquely identifiable entity.
Examples:

- Dell XPS 15 9530 i7-13700H

- Samsung QE65S95D

- ISBN 9780135957059

Evaluation rules:

- Judge only the wording of the query.

- Do not infer missing identifiers.

- Ignore temporal, geographic, and numeric information.

Return only valid JSON.

{{
"score": <1-5>,
"reason”: "<one concise sentence>"

33

Figure 42: System prompt for entity specificity



User Prompt for Entity Specificity

Evaluate the entity specificity of the following grounding query.

Grounding Query:
{QUERY}

Use the entity specificity rubric provided in the system instructions.

Return ONLY valid JSON in the following format:

18t

"score”: <integer between 1 and 5>,
"reason”: "<one concise sentence explaining the score>"

33

Figure 43: User prompt for entity specificity



System Prompt for User & Web Query Type Classification

You are an evaluator classifying the intent of a query.
Classify the query into exactly ONE of the following categories:

- "informational”:
The query is primarily seeking information, explanations, facts, answers, or learning content about
a topic.

- "navigational”:
The query is primarily intended to find or access a specific website, webpage, app, platform, or
online resource.

- "transactional”:
The query is primarily intended to perform an action using an online service, platform, or tool,
such as buying, booking, downloading, signing up, or creating
something.

- "commercial”:

The query is primarily intended to research or compare products/services with potential purchase
intent, but without explicitly attempting to complete a transaction.

Guidelines:

- Choose the SINGLE best category

- Focus on the primary intent of the query
Examples:

Query: "I am shopping for a flight from KUL to Guadalajara...”
-+ transactional

Query: "Open the Stanford CS229 course website”
-+ navigational

Query: "How can I reset my Instagram password if I don’t have access to my original email account?”
-+ informational

Query: "best noise cancelling headphones”
-+ commercial

Return ONLY valid JSON:

{{
"type": "transactional” | "navigational” | "informational” | "commercial”,
"reasoning”: "<1-2 sentence explanation>"

33

Rules:

- Output must be valid JSON
- Do not include any extra text

Figure 44: System prompt for user & Web query type classification



User Prompt for User & Web Query Type Classification

Classify the following query into exactly one intent type.

Query:
{user_query}

Return ONLY valid JSON:

{{
"type": "transactional” | "navigational” | "informational” | "commercial,
"reasoning”: "<string>"

1}

Rules:

- Choose exactly one type
- Focus on the primary intent
- Output valid JSON only

Figure 45: User prompt for user & Web query type classification



System Prompt for Query Reformulation Behaviour

You are an expert evaluator of conversational search behavior, specializing in
query reformulation.

Your task is to label the relationship between specified query transitions based on
whether the reformulated query improves upon the original query in 1 of the 2
following ways:

You must choose exactly one of the following categories:

1. Query Rewriting
- The query is reformulated into a clearer, self-contained, or less ambiguous form.
- Often resolves ambiguity or rewrites the query to better reflect the user’s intent.

2. Query Expansion

- The query is augmented with additional terms or context.

- Adds missing details, constraints, or related concepts to better specify the
information need.

3. Hybrid
- Combines both rewriting and expansion.
- The query is both clarified/rephrased AND enriched with new information.

4. Other

- The reformulated query is neither more clarified nor enriched with new information.
- The reformulated query does not constitute a clear improvement over the original
query. So, it cannot be labeled either as query rewriting or query expansion.

Instructions:
- You are given:
- The original user query (ID: U)
- A set of web queries with IDs like 1.1, 2.1, etc.
- A list of transition pairs to classify
- Thinking traces explaining why the next query was issued
- For each listed transition (from -> to), assign exactly one label.
- Base your decision only on how the "to"” query is reformulated relative to the
"from" query.
- Treat U as the original user query text.
- If multiple categories seem applicable, select the dominant reformulation strategy.
- Provide a short reasoning (1-2 sentences) grounded in these definitions.
- Return every listed transition exactly once, and do not add extra transitions.

Output format (STRICT JSON):

{{
"transitions”: [
{{
"from": "U",
"to": "1.1",
"label”: "Query Rewriting | Query Expansion | Hybrid | Other”,
"reasoning”: "1-2 sentence explanation”
3}
]
3}

Figure 46: System prompt for query reformulation behaviour



User Prompt for Query Reformulation Behaviour

Classify the listed transitions using conversational search query reformulation terminology.
Example:

User Query (U):
Best laptops for programming

Web Queries:

(1.1) best laptops for programmers

(2.1) best lightweight laptops for programming students
(2.2) macbook air m3 student programming battery life

Thinking Traces:

(1.1) "I should rephrase this into a direct benchmark-style web query.”

(2.1) "I want results tailored for students and portability, so I will add lightweight and
student-related constraints.”

(2.2) "I should also check a concrete model line and include battery-life angle for
students.”

Transitions to classify:
u->1.1)

(1.1 > 2.1)

(1.1 ->2.2)

Output:
{{
"transitions”: [
«
"from": "U",
"to": "1.1",
"label”: "Query Rewriting”,
"reasoning”: "The first web query is a clarified, self-contained rewrite of the
user request with minimal new constraints.”
I2g
{{
"from": "1.1",
"to": "2.1",
"label”: "Query Expansion”,
"reasoning”: "The second query adds new constraints and contextual attributes
('lightweight' and 'students') to better specify the information need.”
13,
i«
"from”: "1.1",
"to": "2.2",
"label”: "Hybrid",
"reasoning”: "The query shifts to a specific product family while adding several
new constraints (student use and battery life), combining rewriting
and expansion.”
3}
]
i3i

Now classify this:

User Query (U):
{user_query}

Web Queries:
{web_queries}

Thinking Traces:
{thinking_traces}

Transitions to classify:
{transition_candidates}

Return ONLY the JSON.

Figure 47: User prompt for query reformulation behaviour



System Prompt for Claim Extraction

You are an expert claim extraction system.
Your task is to identify and extract claims from text.

Definition of a claim:
A claim is any assertion, proposition, statement, opinion, prediction, or
description that could be evaluated, supported, contradicted, or discussed.

Rules:
- Extract all meaningful claims expressed in the text.
- Rewrite claims as standalone declarative sentences.
- Resolve pronouns and references where possible.
- Split compound sentences into atomic claims whenever appropriate.
- Preserve the original meaning, including:

- negation

- modality

- uncertainty

- comparisons

- quantities

- temporal information
- Do not infer unstated information.
- Avoid duplicate claims.
- Keep claims concise and self-contained.

Output requirements:
- Return ONLY a valid JSON array of strings.
- Do not include explanations or additional text.

Figure 48: System prompt for claim extraction

User Prompt for Claim Extraction

Extract all claims from the following text.

Text:
{text}

Figure 49: User prompt for claim extraction



System Prompt for Response-Source NLI Evaluation

You are an NLI (Natural Language Inference) judge.
Given a response chunk and source content, determine the relationship between them.

Labels:

- entailment: the source content supports or expresses the same meaning as the
response chunk

- contradiction: the source content conflicts with the response chunk on a
meaningful point

- neutral: the source content does not provide enough information to support or
contradict the response chunk

Rules:

- Treat the response as a chunk or partial segment, not necessarily a complete
standalone answer.

- Evaluate only the claims explicitly present in the response chunk.

- Use only the provided source content.

- Do not use external knowledge.

- Base your decision on semantic meaning, not exact wording.

- If the chunk contains multiple claims and only some are supported, prefer neutral
unless there is a clear contradiction.

- Use contradiction only when the source clearly conflicts with the response chunk.
- Do not penalize the chunk for being incomplete, abbreviated, or lacking
surrounding context.

Output JSON only:

{{
"label”: "entailment” | "contradiction” | "neutral”,
"reason”: "<1-2 sentence explanation>",
"score”: 1-5

3}

Figure 50: System prompt for response-source NLI evaluation



User Prompt for Response-Source NLI Evaluation

Response Chunk:
{response_text}

Source Content:
{source}

Determine whether the response chunk is entailed by, contradicts, or is neutral
with respect to the source content.

Return ONLY valid JSON:

{{
"label”: "entailment|contradiction|neutral”,
"reason”: "<string>",
"score”: <integer 1-5>

1}

Figure 51: User prompt for response-source NLI evaluation

System Prompt for Claim Factuality Evaluation

You are an evaluator assessing the factual correctness of individual factual claims
made in an AIl-generated response to a user query.

Evaluate each factual claim:
- Is the claim factually correct and free from hallucinations or false information?

- Is the claim up-to-date and not outdated when recency matters?

Return JSON:

{{

"score": 1-5,

"reasoning”: "<1-2 sentence explanation>"
1}

Scoring guide:

Clearly incorrect or hallucinated

More incorrect than correct; contains significant factual errors

Mixed or uncertain accuracy; contains both correct and incorrect aspects
Mostly correct; minor inaccuracies or slightly outdated details

Fully correct, precise, and up-to-date

g~ w N =
1

Before scoring, consider the query type:
- For creative queries, interpret factuality as internal consistency rather
than real-world truth.

Figure 52: System prompt for claim factuality evaluation



User Prompt for Claim Factuality Evaluation

Evaluate the following.

User Query:
{user_query}

Claim from AI Response:
{claim}

Return ONLY valid JSON in this exact format:

18

"score": 1-5,

"reasoning”: "<1-2 sentence explanation>"
1}

Rules:

- Do not include any text outside the JSON
- Do not add explanations before or after
- Ensure the JSON is valid

Figure 53: User prompt for claim factuality evaluation
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Figure 54: Disclaimer given to human annotators.
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