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Abstract

Deep Research (DR) systems help researchers
cope with ballooning publishing counts. Such
tools synthesize scientific papers to answer re-
search queries, but lack understanding of their
users. We address this with MYSCHOLARQA
(MYSQA), a personalized DR agent that: 1) in-
fers a profile with a user’s research interests;
2) proposes personalized actions for a user’s
input query; and 3) writes a multi-section re-
port for the query that follows user-approved
actions. We first test MYSQA with NLP’s stan-
dard protocol: we build a benchmark with syn-
thetic users and LLM judges, where MYSQA
beats baselines in citation metrics and person-
alized action-following. However, we suspect
this process does not cover all aspects of person-
alized DR users value, so we interview users in
an online version of MYSQA to unmask them.
We reveal nine nuanced errors of personalized
DR undetectable by our LLM judges, and we
study qualitative feedback to form lessons for
future DR design. In all, we argue for a pillar
of personalization that easy-to-use LLM judges
can lead NLP to overlook: real progress in per-
sonalization is only possible with real users.1

1 When Deep Research Gets to Know You

Scholars increasingly turn to LLMs to support their
scientific research (Liao et al., 2024), such as to
learn new concepts (August et al., 2023) or brain-
storm ideas (Pu et al., 2025). With publishing rates
skyrocketing and literature becoming daunting to
track (Parolo et al., 2015), a new use case of LLMs
emerges: Deep Research (DR) tools that answer
researchers’ queries by retrieving, organizing, and
synthesizing papers into multi-section, attributed
reports (Asai et al., 2024; Huang et al., 2025).

1We release code and data at: https://github.com/
allenai/personalized-scholarqa-eval

*Work primarily completed during internship at Ai2.

DR has advanced in giving well-cited reports for
queries (Bragg et al., 2026), but few capture the
individual needs of who asks them, lacking person-
alization. By knowing a researcher’s background,
DR could create more helpful reports: focusing on
papers in certain domains, framing explanations in
familiar terms, or showing how to use new ideas in
users’ ongoing work. While decades of search en-
gine research motivates personalization’s benefits
in AI search tools (Teevan et al., 2005; Dou et al.,
2007), work on personalized DR remains sparse.

We introduce MYSCHOLARQA (MYSQA): the
first open-source personalized DR tool that: 1) in-
fers user profiles via papers users pick to capture
their interests (Fig 1, left); 2) suggests tool actions
tailored to the user’s profile and query (Fig 1, cen-
ter); and 3) writes a report to answer the query and
execute actions via a multi-LLM system (Figure 1,
right). For transparency and control, our users can
edit profiles in (1) so MYSQA best captures them,
adjust the actions that it executes in (2), and review
highlights where it personalizes content in (3).

A formative study showed MYSQA’s promise
but that the system was imperfect (§2.4), leading us
to ask: how should we evaluate MYSQA to reveal
common failures and track improvements? In sur-
veying recent NLP work on personalization, offline
benchmarks dominate (Voorhees et al., 1999): for
31 ACL’25 works on personalization, all evaluate
offline (18 with synthetic user datasets and 17 with
LLM judges), but only two run user studies with
real end users (Appendix B). However, excelling
in offline evaluation does not ensure the system is
helpful (Mozannar et al., 2025), as offline metrics
can neglect what users value (Venkit et al., 2025b).

To test what offline personalization evaluations
miss, we first build a synthetic dataset pairing DR
queries with paper sets simulating users (§3.1), and
16 offline metrics (§3.2). Here, MYSQA excels:



1) Infer a Profile (§2.1  ) 2) Propose Actions (§2.2 ) 3) Synthesize a Report (§2.3 )

Researcher Profile
Knowledge:
- You have expertise on training 

building scientific QA… [1, 3]

Research Style: 
- You prefer to study models 

using black-box analysis… [2, 3]

[1] [2] [3]

Researcher-picked papers Query
How can I build the first personalized 

Deep Research System?

List of Actions
Research Ideas: 
- Point out current QA limitations
- Give design deployment steps 

Content: 
- Focus on scientific QA papers
- Discuss deep learning findings

Personalized Report
Background: What is QA?
Scientific QA is widely-studied task…

…
Deep Research Design Steps
Here’s how you can build a DR tool…

Semantic 
Scholar Search

Section 
Planning

Report 
Generation

§2.1 §2.2 §2.3

Figure 1: Overview of MYSQA: our three-step personalized Deep Research system. (1) Researchers upload papers
from Semantic Scholar, from which an LLM infers a profile that captures their interests. (2) When the researcher
asks a query, MYSQA proposes a list of actions that could alter the report, tailored to the researcher’s profile. (3)
The system generates a report that answers the query and executes these actions through a multi-stage retrieval and
LLM generation pipeline. To improve transparency and control, users can edit profiles, adjust actions, and view
highlights in the report where MYSQA personalizes content.

profiles accurately cite papers for inferred user in-
terests, personalized actions more closely match
user profiles versus generic ones, and our reports
have higher quality and adherence to actions versus
open-source and commercial DR systems (§3.4).
To contrast this with online evaluations, we draw on
human-computer interaction and use MYSQA as a
probe (Hutchinson et al., 2003) to unveil real users’
needs in personalized DR. In 90-minute interviews,
21 DR users build profiles, pick query actions, and
rate reports via a MYSQA-backed interface (§4.1).

Participants perceive MYSQA as helpful—73%
of its profiles, actions, and reports are satisfactory—
but uncover nine personalization flaws our offline
metrics miss: e.g., profiles overstating user exper-
tise and tailored actions drifting from query intent
(§4.2). To test if we could have flagged these flaws
offline, we use LLM judges to predict user satisfac-
tion ratings (§4.3) with validation sets derived from
interviews: they never beat majority class baselines,
failing to capture user needs. Beyond finding met-
rics to advance, user feedback also yields lessons to
inform personalized DR design: make control easy,
let users digest personalization, use content beyond
papers, and evaluate via mixed study designs (§5).

We aim to reinforce a pillar of personalization
research: developing personalized tools needs feed-
back from real users. Synthetic data is an alluring
crutch and LLM judges seem reliable (Jiang et al.,
2025a), but these evaluations can miss what users
actually value. Thus, we urge their adoption as nec-
essary but insufficient checks and instead advocate
for user-centered evaluations to inform the design
of personalized NLP systems.

Our contributions are:

1. MYSCHOLARQA, the first personalized Deep
Research (DR) system with an online demo.2

2. A synthetic benchmark and LLM judge metrics
as offline evaluations of personalized DR.

3. Discovery that LLM judges fail to predict nine
failure modes of personalized DR, advocating
for user-centered personalization evaluations.

4. The first formative and usability studies of per-
sonalized DR with 26 active DR users to inform
future work on personalization design choices.

2 MYSQA: Personalized Deep Research

Drawing on Brusilovsky (1996)’s adaptive hyper-
media, personalized Deep Research tools build a
persistent user model of the researcher, then apply
this model to adapt reports for user queries. Our
design goals are: 1) build a user model to capture
research interests; and 2) let users interpret and con-
trol how the system personalizes (Liu et al., 2024a),
helping us learn the best ways to adapt outputs.

We realize this in MYSCHOLARQA (MYSQA),
a DR tool (Fig 1) that infers profiles of users’ inter-
ests via papers (§2.1), plans actions for user queries
tailored to their profile (§2.2), and executes actions
to adapt reports (§2.3). We now describe each step
and evaluate its design in a formative study (§2.4).

2.1 Inferring Researcher Profiles
MYSQA first infers a profile P from a user’s pa-
pers D (Fig 2)—forming a persistent user model
(Brusilovsky, 1996); we use papers, since Lin et al.

2https://personalized-scholarqa.apps.allenai.org/



(2024) show they capture research interests. Pro-
files can be biographies (Gao et al., 2024) or key-
words (Mysore et al., 2023), but we use sentence-
level inferences P = {I1, . . . , In1} about the user
(e.g. “Your papers argue evaluations should move
beyond metrics to online studies.”), similar to prior
research in computer agents and writing assistance
(Shaikh et al., 2025; Garbacea and Tan, 2025).

P has n1 inferences evenly split over five aspects
inspired by Tang et al. (2024): knowledge (what
they know), research style (how they do research),
writing style (how they write), audience (whom
they impact), and positions (what they believe).
Users find this structure organized (§2.4). P trans-
parently cites snippets from the user’s papers D for
each inference I with an explanation. We prompt
LLMs to create P from D (Appendix A.11). Users
can edit/disable any I to form a better profile P∗.

2.2 Proposing Actions to Take
Equipped with a profile P∗, users can ask a query q
to get a report R adapted to P∗ (Brusilovsky, 1996).
Directly producing R limits customization; instead,
we draw on query clarification (Zhang et al., 2025)
and first return a list of actions A = {a1, . . . , an2}
(Fig 3) that MYSQA could take when answering q,
such as “find trivia QA papers” or “add section on
metrics” (Srikanth et al., 2026). Exposing A lets
users steer execution and tell us how to adapt R—
validated in a formative study (§2.4).

A has n2 actions split over four categories, based
on how they will adapt R: content (what R covers),
style (how R explains), specificity (how R inter-
prets q), and research ideas (R’s proposed ideas the
user can incorporate). Actions can be personalized
Aperson (conditioned on q and P∗) or generic Agen
(conditioned on q); Agen ensures a is useful when
P∗ is unlike q (e.g. if users ask about a new field).

We prompt LLMs to create Agen and Aperson sep-
arately, merging them to form A (Appendix A.11);
we add ways the LLM can adapt to P∗ for Aperson’s
prompt (e.g., skip basic terms for experts) but no
strict rules, as we want to learn how to personalize
reports from users (§4). Users can edit/disable any
action a ∈ A to form custom actions A∗ ⊆ A.

2.3 Synthesizing a Personalized Report
After the user submits actions A∗, MYSQA writes
a multi-section report R = {S1, . . . ,Sn3} to an-
swer query q while executing each a ∈ A∗, person-
alizing the report via actions which were shaped by
the profile. We build on SCHOLARQA (Singh et al.,

Figure 2: After a user selects research papers, MYSQA
infers an editable profile with inferences about the user,
capturing their interests for personalizing reports.

Figure 3: Before answering a user’s query, MYSQA
proposes actions that change how the report could be
created, which users can adjust to customize their report.

2025, SQA)—a DR system with high-quality re-
ports. SQA chains LLMs to retrieve papers from
Semantic Scholar,3 cluster them into sections, and
iteratively generate well-cited sections to form R.

To equip MYSQA to use A∗, we tweak prompts
in SQA’s execution to also use A∗ as input. For
example, the first step is a prompt converting q to
search terms for Semantic Scholar (i.e. “convert
q to search terms”); we minimally modify it with
instructions on how to also use A to create search
terms (i.e. “convert q to search terms while follow-
ing these actions: A∗”). Most notably, we change:
1) the prompt for search terms—generating multi-
ple search terms based on q and A∗, while SQA
originally generates just one; and 2) the report gen-
eration prompt—instructing the LLM to execute
all a ∈ A∗ and highlight parts of the text that relate
to any action—one color per action (Fig 4). (1) tai-
lors retrieval to A∗, while (2) helps users see where
MYSQA personalizes R (Kim et al., 2025b, §5.2).
Claude-4 Sonnet backs MYSQA,4 matching SQA.

2.4 A Formative Study with MYSQA

To ensure our method matches users’ expectations
before investing in large-scale studies, we run a for-
mative study (Nielsen, 1993) via an early version of
MYSQA as a technology probe (Hutchinson et al.,

3https://www.semanticscholar.org/product/api
4https://www.anthropic.com/news/claude-4
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Figure 4: Reports in MYSQA highlight personalized
content, helping users navigate each action they select.

2003).5 Five DR users/CS students bring papers
of their interest and two queries they asked DR
before. We first discuss their DR usage/personal-
ization needs (~15 min). Then they use MYSQA—
creating and editing profiles/actions to get person-
alized reports ($35/hr; ~45 min); later over email,
they rate reports for their queries (detailed in A.7).

Participants found using papers to infer personal-
ized profiles/actions intuitive for personalized DR;
out of all potential user context, P1 noted “papers
matter most”. They also found our profile/action
categories useful and comprehensive (§2.1, §2.2).
Many desired transparency, wanting it “as trans-
parent as possible” (P4) and to “know how they
made inferences about me” (P3).

Participants then rated their profiles, actions, and
reports from MYSQA. Profiles had surprising nu-
ance and detail—“It captures exactly what I have
in mind but haven’t expressed” (P2)—but were in-
complete: “a really good starting point to review
and refine” (P5). Personalized actions were promis-
ing; some felt like “speaking with a colleague who
knew my work” (P2). Still, participants liked gener-
ic/personalized ones similarly (~60%), so we do
not yet know when personalized DR helps. High-
lighting where reports tailored to actions made it
“much easier to see custom parts at a glance” (P3)
but such text could be “a bit general” (P5). Lastly,
they compared generic SQA reports to personal-
ized MYSQA reports for their queries; all favored
the latter, showing personalized DR’s utility. In all,
our study confirms MYSQA is a solid basis for find-
ing more aspects of personalized DR users value.

Post-study, we use participant feedback to refine
MYSQA. We tweak prompts to try and fix common
errors (e.g. “make profiles specific”, §2.1) and host

5Here, we use Gemini-2.5 Pro for MYSQA profiles/plans.

a UI for further online use, with a: 1) profile page to
find papers and toggle/edit LLM inferences (Fig 2);
2) home page to ask queries and toggle/edit LLM
actions (Fig 3); and 3) report page with highlights
showing where each action was executed (Fig 4).
After adding these updates, we continue to larger-
scale offline (§3) and online (§4) evaluations.

3 Offline Evaluation

Our formative study showed MYSQA’s promise
(§2.4) but did not thoroughly evaluate DR output
quality. As a next step, we adopt NLP practices and
test MYSQA offline via simulated users (§3.1) and
LLM judges (§3.2). These analyses are cheap and
popular (Jiang et al., 2025a), but may not capture
users’ personalization needs (Venkit et al., 2025b),
so we use them as necessary but insufficient checks
to inform online, user-centered evaluations (§3.4).

3.1 Dataset Collection

No personalized DR datasets exist of user queries q
and papers D, so we make a synthetic one. We col-
lect q from ScholarQA-CS2 (Bragg et al., 2026)—
a research agent benchmark with 200 DR q (100
dev/100 test). We attach synthetic users to each q
with low, medium, and high expertise for q. We
simulate synthetic users based on papers in CS-
PaperSum (Liu et al., 2025b): CS conference pa-
pers grouped by first author (with three or more
papers). We compute expertise via cosine similar-
ity6 between GRIT-LM embeddings (Muennighoff
et al., 2024) of q and user papers D. We get 281 and
291 (q,D) pairs for dev and test splits, respectively.

3.2 Metric Implementation

On our dataset (§3.1), we now study MYSQA pro-
files, actions, and reports with objective metrics for
clearly undesired errors, deferring a study of sub-
jective metrics (§4.3). Gemini-2.5 Flash (Comanici
et al., 2025) is our LLM judge (Zheng et al., 2023)
for metrics (human agreement in Appendix A.2).

For each profile inference I , we evaluate: 1) cat-
egory accuracy, if I is in the correct category (e.g.
knowledge); 2) inference accuracy, if I contradicts
cited papers, like summary faithfulness (Kryscinski
et al., 2019); 3) citation relevance, the proportion of
cited papers that support any part of I to penalize
overciting; and 4) specificity, a 1–5 score for how

6[0, 0.2] (low), (0.2, 0.35] (medium), and (0.35, 1.0]
(high); dropping ranges if no D matches



Model Inf. Acc Cit. Rel. Cat. Acc. Spec. # Cite # Words

G-Pro 97.1 97.4 99.4 3.73 2.45 23.2
Sonnet 92.5 97.4 99.1 4.12 1.91 21.6
OAI-o3 88.6 91.8 99.8 4.20 2.03 18.9
DS-r1 77.8 80.7 97.2 3.56 1.89 9.9

Table 1: Profile (n1 = 25) inference accuracy, relevance,
and specificity across LLMs. Highest scores are bold.
Reasoning LLMs infer accurate, relevant user profiles.

much I differs among researchers. As confounders,
we show mean cited paper count and words in I.

We compare personalized and generic actions
with: 1) win rate, how often a judge picks Aperson
vs Agen given P , a consistency check from Balepur
et al. (2025a); 2) coherence, how often each a ∈
A does not contradict q (e.g. q =“what is QA”,
a =“focus on NLI” is a conflict); and 3) unique-
ness, the proportion of a ∈ A that a system without
A would not already follow. We check (3) via how
often SQA prompted with just q executes a ∈ A in
R, via the “action adherence” report metric below.

In reports, we assess how well R uses q and A.
We use four report quality metrics from ScholarQA-
CS2 (Bragg et al., 2026): 1) answer coverage, how
many elements a correct answer for q must include
are covered in R; 2) answer precision, how directly
R answers q; 3) citation precision, R’s citation ac-
curacy; and 4) citation recall, how often R’s claims
are cited. We add action adherence—how often R
follows actions in A at any point (Qin et al., 2024).

3.3 Baselines

For profiles/actions, we assess LLMs to pick one
for MYSQA. Profiles infer over long contexts (Ku-
ratov et al., 2024) only once, so we evaluate reason-
ing LLMs: Claude-4 Sonnet+think, o3,7 Gemini-
2.5 Pro (Comanici et al., 2025), and DeepSeek-r1
(DeepSeek-AI et al., 2025). Actions are per-query,
so we test fast LLMs: Gemini-2.5 Flash, GPT-4.1,
Claude-4 Sonnet, and DeepSeek-V3 (DeepSeek-AI
et al., 2024). In reports, we compare MYSQA to
open-source/commercial DR that take concatena-
tions of ⟨q · A⟩ as prompts: SCHOLARQA (Singh
et al., 2025), OPENSCHOLAR (Asai et al., 2024),
STORM (Shao et al., 2024), Perplexity’s Sonar8

and OpenAI o3 DR9 (details in Appendix A.3).

7https://openai.com/index/introducing-o3-and-o4-mini/
8https://sonar.perplexity.ai/
9https://openai.com/index/introducing-deep-research/

Model W.R. pgen Coh. pperson Coh. pgen Uniq. pperson Uniq.

G-Flash 91.3 93.2 84.0 42.9 60.7
Sonnet 93.5 91.8 82.0 50.4 68.2
GPT-4.1 94.7 93.5 84.1 49.1 66.3
DS-V3 94.3 89.2 72.3 54.5 72.2

Table 2: Personalized/generic action (n2 = 16) win rate,
coherence, and uniqueness. The highest score is bold.
LLM judges that condition on synthetic users’ papers
are more likely to select personalized actions, indicating
that they can personalize actions based on user profiles.

Model An. Cov. An. Prec. Cit. Prec. Cit. Rec. A Adh.

MYSQA 91.4 89.9 91.8 81.4 83.2
SQA 88.9 89.1 90.5 76.9 81.3
OPENSC. 77.2 97.4 82.5 60.4 82.5
STORM 72.0 92.2 73.3 64.7 74.4
Sonar DR 81.0 82.9 64.3 46.3 75.0
o3 DR 89.1 90.2 79.2 56.7 93.8

Table 3: DR report quality and action adherence scores
for query q and eight actions in Agen ∪Aperson. The best
score is bold. MYSQA surpasses every DR baseline in
three out of five metrics. We only evaluate o3 DR using
ten examples due to latency and cost limitations.

3.4 Offline Results

With our dataset (§3.1), metrics (§3.2), and base-
lines (§3.3) set, we now test each step in MYSQA.
In profiles, all models but DS-r1 create accurately
cited inferences (Table 1) and all accurately catego-
rize inferences. More citations reduces specificity—
a common personalization/generalization tradeoff
(Han et al., 2022). For MYSQA’s profiles, we use
Gemini-Pro, scoring the highest in three metrics.

All models give personalized actions with higher
win rates and uniqueness over generic ones, indi-
cating such actions are tailored to profiles (Table 2).
Yet, personalized ones conflict queries more; Ap-
pendix A.4 shows tension between tailored actions
and answering queries, often for papers with low
query similarity (§3.1), so personalization may not
always help (Zhang et al., 2013). Actions generally
had modest adoption rates in our formative (§2.4),
so we rotate all 4 models in MYSQA for diversity.

In reports, MYSQA has the best or second-best
scores 4/5 times—the most of any DR system (Ta-
ble 10). It also always beats its base system SQA:
our modifications (§2.3) improve its report quality.

Having shown MYSQA’s output quality offline,
we can now deploy the tool online to find flaws and
insights our simulation-based data may miss (§4).



Output Aspect Description Freq.

Profile

DOMAIN Uses terms, definitions, or details that do not capture the user’s domain of research. 27.6%
OVERCLAIM Claims something applies to the user broadly, but only applies to some/parts of papers. 17.9%

CONVENTION Infers a generic convention of the user’s field (e.g. "You enumerate contributions"). 12.8%
CONTRAST Has a contrast that misrepresents the user (e.g. "You are X, not Y", but the user is Y). 12.2%

Action NARROW The action is too specific and would overly constrain the information coverage. 43.8%
OFFTOPIC The action deviates too far from the query, distracting from the user’s goal/intent. 23.6%

Report
UNINFORM The content is too vague/high-level to be informative; the user wanted more details. 38.0%
PRESENT The user wanted the content presented in a different style/format (e.g. bullet points). 25.3%
IGNORE One or more implicit/explicit requirements in the action was ignored. 22.8%

Table 4: The nine most common personalization errors in MYSQA’s outputs discovered from our interviews, missed
in our offline evaluations. All twenty metrics we discover are in Table 9.

4 Moving MYSQA Offline to Online

MYSQA excels on synthetic datasets (§3), but this
may not mirror real user needs (Saxon et al., 2024)
and even 10+ metrics might not cover all aspects of
personalized DR users value (Venkit et al., 2025a).

We thus run a user study (§4.1) to answer open
questions: RQ1—What personalization errors do
offline metrics neglect? (§4.2) and can off-the-shelf
LLM judges evaluate them? (§4.3). RQ2—What
lessons can guide future personalized DR? (§5)

4.1 Interviewing Active Deep Research Users

We interview10 21 active DR users (CS researchers
on Upwork, $30-40/hr) for 90 minutes who show
DR familiarity in a pilot survey; 19 use OpenAI
DR (Appendix A.9). Each bring: 1) five papers of
interest;11 and 2) three queries to ask DR. While
using MYSQA, they screen-record and “think out
loud” (Danks et al., 1984). We transcribe record-
ings for open thematic analysis (Boyatzis, 1998).

In MYSQA’s UI (§2.4), participants review their
profiles (~45 min.) and disable/edit poor inferences.
Next, they review every query’s proposed actions
(~5 min.), picking or editing which ones MYSQA
should follow. They submit actions to tailor reports,
rating its quality and ability to follow actions while
verbalizing reasoning for their ratings (~15 min.).

4.2 RQ1: What our Offline Evaluation Missed

Participants liked 73% of profiles, actions, and ac-
tion executions in reports (Fig 5), so MYSQA was
useful. We now analyze the remaining 27% to un-
cover issues, guiding future evaluation: an author
reviewed all 1044 judgments and qualitatively la-

10Our internal review board approved our study (§9).
11Papers they have written, wish they had written, inspire

them, or are relevant to a current project.
12U10 spent the interview just viewing the profile (n = 20).

0.0 0.2 0.4 0.6 0.8 1.0
User Satisfaction with MySQA Outputs

Report
(N=20)

Actions
(N=20)

Profile
(N=21)

Figure 5: User satisfaction on MYSQA profiles, actions,
and reports. Users are satisfied with 73% of them.12

beled where participants were dissatisfied; another
verified themes on 60 rows (with 90% agreement).

We find nine common issues (Table 4). Most of-
ten, profiles mistake technical terms (DOMAIN),
actions are restrictive (NARROW), and reports lack
detail (UNINFORM). Many are open NLP prob-
lems: factuality (Wang et al., 2024b, DOMAIN),
style (Jin et al., 2022, PRESENT), or expertise cal-
ibration (Joshi et al., 2025, OVERCLAIM, CON-
VENTION). Some issues in the full list (Table 9)
seem untraceable offline—e.g., accurate but unim-
portant profile inferences (UNIMPORT) and re-
jected actions due to mistrust in MYSQA’s ability
(TRUST)—only detectable with online feedback.

Crucially, every issue is invisible to our offline
metrics (§3.4)—despite covering 10+ reasonable
aspects of personalization—so synthetic datasets
can overlook what users value in personalization.

4.3 LLMs Don’t Know What DR Users Want
Having found personalized DR aspects we missed
offline (§4.2), we now see if we could have evalu-
ated them via LLM judges. We answer this with a
classifier: given an aspect, were users satisfied by
profiles, actions, and action executions in reports
for that aspect. For each aspect, we label outputs
users dislike as l = 1 paired with two negatives
(l = 0): a random liked output and a “hard” neg-
ative (the most stylistically-similar liked output)—
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Figure 6: LLM judge accuracy for predicting users’ satisfaction of personalized profiles, actions, and reports. No
model ever beats a majority class baseline (Dror et al., 2018, α = 0.05 Binomial test with Bonferroni correction).

both from the user. LLMs access the same context
(e.g. papers, actions, highlights) as users, six few-
shot examples, and definitions of each aspect13 to
predict l̂: would the user like or dislike the output?

Our four LLM judges predict user satisfaction
no better than majority-class baselines (Figure 6),
so strong, off-the-shelf judges struggle to capture
these issues (§3.4). As offline evaluations can miss
what users value—metrics that LLM judges may
not predict sans extensive engineering effort—we
advocate shifting away from just simulation-based
evaluations towards user feedback (Du et al., 2018).

5 RQ2: Lessons for Personalized DR

Beyond surfacing limitations in offline evaluations
(§4.3), we now show how online user feedback
also offers richer insights for DR. We distill these
into four lessons to help NLP and HCI researchers
design improved personalized DR tools for users.

Lesson 1: Balance User Control and Effort
Adding control to interactive tools helps, but such
effort can exceed what users want to invest (Shnei-
derman, 1983; Jin et al., 2017). DR interactions
are different: as reports take minutes to write, our
pilot survey (Appendix A.9) reveals users are will-
ing to dedicate more effort up front to avoid subpar
outputs. Most DR tools add this control via clarifi-
cation or follow-up questions (Jiang et al., 2024),
but surveyed users disliked this feature: they must
rearticulate their personal needs for every query.

Instead, MYSQA creates a persistent profile for
all queries—matching users who often “want [the]
system to know about me once then act accordingly”
(U21)—and has users pick among actions—easier
than answering follow-up queries (Appendix A.9).
Actions still had ample control; U1 noted actions
“are not complex but also very granular which I re-
ally like” and U4 felt they let them “do what I can-

13e.g., for DOMAIN, we prompt “Would the user be satis-
fied with the technical terminology in this profile inference?”

not express in a perfect way.” U6 felt actions trans-
parently showed how the system answered queries
while U17 felt it kept them more actively engaged
than existing tools—helping them “brainstorm to
get what I want”. Many believed this process could
save time, for U18, “on the order of days”, since it
avoids the frustration of re-prompting/re-answering
generic systems that “keep missing the point” (U3).

MYSQA has more control than most DR tools,
which made users realize they wanted more, even
at the cost of more effort. Some wanted to see more
actions per query (U13, U19), add new actions (U3,
U16), or “emphasize” certain actions (U4). Others
wanted to also steer DR via paper filters (U2, U11),
multi-turn dialogue (U5, U6), and monitoring the
tool as it learned their preferences over time (U15)—
updating its memory of the user (Yuan et al., 2025).

While more personalized DR control seems help-
ful, it could risk reinforcing filter bubbles (Zhang
et al., 2024a)—keeping users away from new ideas.
Control also may not benefit all query types (Dou
et al., 2007): U7 desired a toggle to control when
MYSQA proposes actions. Future work must study
not just ways to control personalized DR, but when
it should be controllable and to what extent.

Lesson 2: Make Personalization Easy to Digest

DR inputs and outputs can be hard to navigate, but
MYSQA’s structure made content easy to digest.
In most DR tools, users must engineer long queries
to express personalized needs (U2, U12): a difficult
process for DR users to manage alone (Zamfirescu-
Pereira et al., 2023). Instead, MYSQA decomposes
tailored query writing via two structured phases—
profiles and actions—which helped users efficiently
organize their needs (U1, U5, U15); U3 noted: “I
have used 3-4 AI tools and none of them have such
steps exactly like that in such a structured way.”

While commercial DR masks if and how person-
alization occurs (§6.1), our report highlights kept
personalization visible/easy to skim: they “helped



focus on text” (U12) and were “easy to cognitively
process” (U5). Still, highlights were tough to get
right. Preferences on highlight frequency varied—
some wanted full sections (U6), others only “key
numbers” (U5) or “evidence” (U21)—and for more
personalized reports with more actions, highlights
were overwhelming (U6, U12). We also saw signs
of over-trust (Lee and See, 2004); when no content
was highlighted for an action, some assumed the
content did not exist, rather than an error from our
system. DR tools must offer trustworthy sensemak-
ing aids (Zhang et al., 2008), simplifying personal-
ization without overwhelming or misleading users.

Lesson 3: Dream Bigger than Just Papers
While MYSQA infers interests just from chosen pa-
pers, participants were surprised by profiles’ detail
and nuance, often noting “very important positions
[they] would claim” (U3) and “digging stuff [they]
didn’t think it can detect” (U16). This spurred users
to ideate further signals for personalizing profiles,
like active project materials and prior queries (Ap-
pendix A.9) and new personalization use cases, like
collaborator search (U9), biography writing (U3),
paper reading (U11), and programming (U12).

Participants also wanted modalities beyond text
and citations in reports, pointing to a wide variety
based on their personal needs, like code snippets for
frequent coders (U1, U4) and LaTeX formulas for
theory-focused researchers (U2, U4), while others
generally desired tables/figures (U5, U7) and in-
teractive visualizations (Mondal et al., 2024, U20).
By capturing content preferences, participants felt
reports would give a “better view in a shorter time”
(U12) or a “holistic view of entire papers” (U17).

Going beyond papers in personalized DR is a
clear win, but has challenges: reasoning over arbi-
trary user inputs to construct profiles (Zhao et al.,
2025a; Shaikh et al., 2025) and routing to the best
modality to convey content tailored to a user’s back-
ground (Chen et al., 2025b). Future work should
study not just how to implement these accurately,
but to make them helpful for individual researchers.

Lesson 4: Evaluation Isn’t One-Size-Fits-All
While we show offline metrics miss aspects of per-
sonalized DR (§4.2, §4.3), we caveat online studies
are not perfect, final fixes (Hosking et al., 2024); for
example, edits on action evince not just what users
want DR to do but also what they think it can do—
U6 skipped complex actions until they felt it “un-
derstood the basics.” Similarly, users need to pre-

dict utility (Levy, 1992). For instance, participants
noted MYSQA “can be a great timesaver” (U17)
and found points they “miss while writing research
papers” (U7), but such benefits are hard to predict
(Balepur et al., 2024, 2025c). Two directions can
bolster personalized DR evaluation: longitudinal
studies to account for learning effects (Jahani et al.,
2024), and richer signals to evaluate downstream
helpfulness (e.g., time taken, citations clicked).

We thus advocate for mixed evaluations in per-
sonalized DR. For MYSQA, formative studies con-
firmed the workflow met user needs (§2.4) in early
stages, while offline metrics formed a scalable way
to check baseline report quality, like citation accu-
racy and action following (§3.4). Online evaluation
then found what we missed offline—issues to fix
in metrics (§4.3) and how to make DR more use-
ful (§5). Overall, evaluations support distinct parts
and stages of personalized system design, showing
the need for NLP research in personalization to
move beyond offline metrics towards real user feed-
back (Saxon et al., 2024; Balepur et al., 2025b).

6 Related Work

Given our paper’s focus on personalized Deep Re-
search (DR), we review personalization generally
in NLP (§6.1) and the advent of DR tools (§6.2).

6.1 Personalization in NLP

Personalization tailors models to user-specific con-
text (Zhang et al., 2024b; Sorensen et al., 2024),
which can aid engagement (Kumar et al., 2019), sat-
isfaction (Liang et al., 2006), and learning (Leong
et al., 2024)—making its usefulness in DR clear.

Most personalized methods (Zhang et al., 2025):
1) gather data to form user models; and 2) adapt out-
puts to (1). User models have used demographics
(Kirk et al., 2024), preferences (Ryan et al., 2025),
and user history (Salemi et al., 2023), while adap-
tation has retrieved user contexts (Sun et al., 2025),
prompted via personas (Lee et al., 2023), and tuned
parameters or reward models (Tan et al., 2024;
Chen et al., 2025a). MYSQA infers user models
from papers and adapts reports through prompting.

Our survey of 31 ACL’25 papers (Appendix B)
shows NLP stays offline to test methods; 14 see if
models match outputs from real users (Salemi et al.,
2023), but this assumes LLMs cannot create out-
puts better than users. 17 works instead tailor mod-
els to simulated user chats (Liu et al., 2025a) scored
by LLMs, but only ten check judges for reliability.



Even when reliable, the “user” does not exist (Kim
et al., 2025a), so such judges may not reflect true
user needs. We thus assess personalization online
with real users—which only two ACL’25 papers
do (Flicke et al., 2025)—revealing aspects of per-
sonalized DR LLM judges struggle to capture.

6.2 Deep Research Systems

Scientific Deep Research (DR) systems synthesize
long-form reports via documents to aid scientific re-
search (Java et al., 2025). Such systems can create
Wikipedia articles (Sauper and Barzilay, 2009; Liu
et al., 2018), expository text (Balepur et al., 2023;
Jiang et al., 2025b), and surveys (Hu et al., 2024;
Yan et al., 2025). DR often employs a mix of re-
trieval (Lewis et al., 2020) and AI agents (Yao et al.,
2023), chaining these models to find, organize, and
condense scientific papers (Wang et al., 2024a).

As users find DR useful (Shen et al., 2023), work
has started deploying them online to aid researchers
and crowdsource user feedback (Zhao et al., 2025b).
Open-source UIs/systems include STORM (Shao
et al., 2024), SCHOLARQA (Singh et al., 2025),
and OPENSCHOLAR (Asai et al., 2024), but as our
survey reveals (Appendix A.9), most exposure to
DR is commercial (e.g. OpenAI DR, Perplexity).

Few DR tools are personalized. Exceptions are
Co-STORM (Jiang et al., 2024) and products like
OpenAI/Gemini’s DR which ask users follow-up
queries, but it is unclear if they tailor to persistent
user models. Concurrently, Liang et al. (2025) con-
struct a personalized DR benchmark with synthetic
data and LLM judges like us (§3.1), but do not re-
lease a new system or run online studies. Instead,
MYSQA is an open-source personalized DR tool
based on adaptive hypermedia design (Brusilovsky,
1996): building a model of the user from their pa-
pers and using it to tailor actions for input queries.

7 Conclusion

Synthetic evaluations rule personalization in NLP,
but our paper on personalized Deep Research (DR)
shows how online studies with real users help: they
reveal errors that LLM judges miss (§4.3) and guid-
ing lessons for future systems (§5). Earlier search
engine research used real users to push personal-
ization (Joachims, 2002), but NLP has recently
stopped at easy-to-use LLM judges (Zheng et al.,
2023) claimed to simulate users (Binz et al., 2024),
rarely adopting online studies. We urge readers to
fight the temptation: simulated benchmarks are pre-

liminary tests, but real progress in personalization
requires real users (Seshadri et al., 2026).

As evidence, our online study points to new open
questions in personalized DR, as MYSQA is im-
perfect. These include NLP modeling efforts in fac-
tuality (§4.2) and multi-modality (§5.3), and HCI
studies for effortless control (§5.1) and digestible
personalization (§5.2). Tackling these will be cycli-
cal: new methods/evaluations will decide when DR
meets basic needs, while online studies will reveal
what lacks in features/design to truly help users.
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8 Limitations

Due to resource constraints, we could only deploy
our MYSQA system online, so our findings on per-
sonalization are most directly tied to our setting of
Deep Research and execution in MYSQA. How-
ever, many of our insights may apply generally; our
uncovered issues in MYSQA’s outputs (§4, e.g., do
not over-claim what applies to a user) and sugges-
tions for future work (§5, e.g., extend modalities)
apply in general personalization settings. Further,
we are not asserting that these are the only issues
to focus on when building personalized systems; as
argued in the paper, it is useful to study feedback



from end users of your system (Saxon et al., 2024).
We also note that our LLM judge experiments

cannot cover all parameter configurations (§4.3);
although we follow best practices in prompt engi-
neering (Schulhoff et al., 2024)—such as adding
few-shot examples and giving clear definitions for
each metric—perhaps there is another prompt and
LLM judge that leads to higher accuracy. In Ap-
pendix A.6, we show that changing the number of
few-shot examples does not largely improve LLM
prediction accuracy, meaning that it may escape off-
the-self models, but could be attainable by training
reward models on more data (Liu et al., 2024b).

MYSQA can be slow—generating profiles takes
3 minutes and reports take 5 minutes—which can
harm user experience (Shneiderman, 1984). While
faster than some commercial DR tools (e.g., Ope-
nAI DR took 8 hours for 10 queries), improving
efficiency would make MYSQA more useful. To
manage delays, we let users view jokes, fun facts,
a Chrome Dino Game,14 and execution progress in
our interface (Appendix A.10), which many users
enjoyed. Future work can focus on reducing latency
with smaller, efficient models (Gou et al., 2020) or
better using other waiting time, like pre-computing
reports while users spend time customizing actions.

9 Ethical Considerations

While the MYSQA framework poses no risks in
theory, we found that in the profile inference stage,
even aligned LLMs (Bai et al., 2022) can generate
potentially offensive or insensitive inferences. This
did not happen with users, but while annotating pro-
files on our benchmark for agreement, we viewed
one such inference: “Your papers sometimes con-
tain slightly awkward phrasing or non-standard
terminology, suggesting a potential non-native En-
glish writing background or direct translation of
concepts”. This shows that even strong LLMs are
susceptible to harmful stereotyping in personaliza-
tion (Kantharuban et al., 2024), motivating the need
for future safeguards to defend against these issues.

We attended each interview with participants to
mitigate any risks with our system. Further, our en-
tire formative and interview study designs were ap-
proved by our organization’s internal review board.
We collect and release no PII in our data and ensure
participants were fairly compensated between $30–
$40/hr, well above our region’s minimum wage. In
Appendix A.8, we detail our recruitment protocol.

14https://nbalepur.github.io/ai2-trex-runner/

We use GenAI for UI design, revisions, and anal-
ysis; we detail this in Appendix C for transparency.
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A Appendix

A.1 Offline Dataset Details
The ASTABENCH, ScholarQA-CS2 (Bragg et al.,
2026) and CS-PaperSum (Liu et al., 2025b)
datasets we build off of on are publicly accessi-
ble and used within their intended use. To retrieve
the full text of papers for offline experiments, we
use an internal database to our organization that
already collected them; in our interface to handle
new papers, we use the Semantic Scholar Snippets
API.15 Our dataset is in English and has no PII that
is not already publicly accessible (i.e. information
present in a research paper). We summarize our
dataset in Table 5.

A.2 Offline Metric Human Agreement
To develop offline metrics (§3.2) we created an ini-
tial version of our metrics and ran it on a subset of
our dev set; one author then blindly gave ratings
on 30–50 examples—half where the model pre-
dicted 1 and half where the model predicted 0—for
agreement. For specificity, which uses a 1–5 Likert
rating, we sample 10 examples over each predicted
rating. If the metric had agreement < 0.7, we mod-
ify our prompts based on model errors, and repeat
the process until we reach substantial agreement;
this process typically took two rounds per metric.

For profiles, our agreements are: 88.3% for in-
ference accuracy, 88.8% for relevance, 96.7% for
category accuracy, and 0.66 Person’s correlation
for specificity. For actions, our agreements are:
93.3% for personalization win rate and 82.0% for
relevance. For reports, our agreement is: 86% for
action adherence; the other report metrics were al-
ready tested by Bragg et al. (2026). Appendix A.11
contains the prompts used for metrics.

A.3 Offline Experiment Setup Details
To create profiles and actions, we use 1.0 tempera-
ture and a max token length of 40960. All commer-
cial LLMs are accessed via their original providers;
we access DeepSeek models from TogetherAI.16

For generating reports, we use the original hyper-
paremeters for each model; MYSQA uses SCHOL-
ARQA’s hyperparameters (Singh et al., 2025). For
a fairer comparison, we let OPENSCHOLAR (Asai
et al., 2024) use Claude over its trained model, just
like MYSQA, and let STORM (Shao et al., 2024)
use Semantic Scholar as its retriever versus Google.

15https://www.semanticscholar.org/product/api
16https://www.together.ai/

Perplexity and OpenAI do not directly provide snip-
pets of the sources in the web pages that they use,
so we prompt these models to extract them from the
web pages; these may be fabricated,17 but we take
them in good faith so models have the best possible
chance. Report evaluation uses InspectAI18 from
ASTABENCH which needs a specific JSON format.
We prompt Gemini to parse OpenAI’s/Perplexity’
reports into said format, like Bragg et al. (2026).

We allocate 72 CPU hours for each experiment
run. All results are from a single run.

A.4 Queries versus Personalized Actions

In §3.4, we show personalized actions are less rele-
vant to the query than generic ones. To learn why,
we run the metric segmented by the similarity of the
author to the query (i.e. low, medium, high). We
consistently find personalized actions have more
conflicts for low author similarities; for example,
DeepSeek’s relevance is 0.765, 0.72, 0.69 for high,
medium, and low similarity authors, respectively.
We believe such tension in queries and personaliza-
tion is natural; for example, an author working on
reasoning LLMs may see less benefit from person-
alization when asking about NLP+education.

Overall, as query conflicts are infrequent and our
main goal was to see if this was truly a problem via
online evaluations (§4), we proceeded anyway.

A.5 Model Ablations

We now ablate our design choices in MYSQA. We
first consider the best place to show MYSQA the
actions A in the execution prompts (Table 6): at
all execution prompts, just the individual actions
that are relevant (e.g. “Search for papers” actions
only get shown in retrieval), the individual actions
that are relevant and all prior actions, or ignoring
multi-step execution entirely and generating the
report in a single prompt; the former achieves the
highest report quality and action adherence.

We then test LLM to power MYSQA (Table 7):
Claude-4 Sonnet, Gemini 2.5 Flash, and GPT-4.1;
all have similar scores, so we use Claude-4 to match
Singh et al. (2025) in SCHOLARQA. Finally, we
test how many actions MYSQA can use (Table 8);
on 4–30 steps, MYSQA maintains report quality
with only minor drops in action adherence scores.

17A manual spot check showed models were pulling quotes
from real web pages.

18https://github.com/UKGovernmentBEIS/inspect_ai



A.6 Simulation Prompt Variations

To further study how LLM judges predict user satis-
faction, we test several prompt variations. We first
decrease the number of few-shot examples from six
(Figure 6) to three (Figure 7) and zero (Figure 8).
LLM judges are still unreliable and adding exem-
plars does not boost accuracy, suggesting off-the-
shelf LLM judges struggle with this task regardless
of the number of few-shot examples; we suggest
future work to train custom reward models for user
satisfaction with real user data if they want to better
simulate this offline (Lambert et al., 2025).

Lastly, we test if our metric definitions distract
LLM judges (e.g. “Would the user be satisfied by
the terms in this profile inference?”) and would be
much more accurate if they directly predict user sat-
isfaction (i.e. “Would the user be satisfied with this
profile inference?”). Figure 9 shows removing met-
ric definitions does not boost LLM judge accuracy.
Appendix A.11 has prompts used in the experiment.

A.7 Formative Study Details

We reach out to candidates for our formative study
via email from an internal mailing list of DR users
(more de-anonymized details will be released post-
acceptance). We confirm they are active DR users
over email. Three participants were M.S. students
and two were Ph.D. students in North America,
Europe, and Asia. Each interview was conducted
in English and all participants had fluency in En-
glish. In Figure 10, we provide all questions we
ask participants in the formative study (§2.4).

A.8 Interview Recruitment Protocol

This section provides more details on the protocol
for our 90-minute usability studies, including anno-
tator instructions (Appendix A.8.1), Recruitment
(Appendix A.8.2), Consent (Appendix A.8.3), and
Demographics (Appendix A.8.4).

A.8.1 Annotator Instructions
We first asked each participant to fill out a Google
Form to gain insights on their knowledge and profi-
ciency with deep research systems (appendix A.9).
After reviewing their responses, we scheduled a 90
minute meeting with each participant to walk them
through example annotations and understand their
thought process. We asked participants to provide
the following in advance of the meeting:

1. A set of 5 research papers on semantic scholar
(the paper URLs) that you feel best represent

your research interests. These are likely pa-
pers you have written, wish you had written,
are relevant to a project you are working on,
or have been highly influential to you as a
researcher. Please make sure these are open-
access PDFs! (i.e. the semantic scholar link
will have the button "[PDF] Semantic Scholar"
if it’s valid). The should be in the form "url/-
paper/title/id" on Semantic Scholar

2. Three research queries that you would be in-
terested in asking our Deep Research System.
These do not have to be about the papers you
have selected.

3. Create a new Gmail account with the fol-
lowing credentials: a) Username: [provided
email], b) Password: [ anything ], c) Name:
[ anything but your own name]. You do not
need to use this email to join the Google Meet,
but you will need it to log into our interface.
You will use this account for both the pilot and
any future tasks, and this will ensure no per-
sonally identifiable information is shared. You
do not need to share your password, but please
ensure that you use the username assigned to
you.

We did not collect any PII from participants (all
information collected is publicly available), and the
study does not include any risks. Upon recruitment,
we provided additional guidelines/task instructions
for query selection and annotation (plan selection,
rating responses, feedback, etc.).

A.8.2 Recruitment
We recruited participants via a job post on Up-
work.19 In the job post, we provided a description
of the job, screening/pilot process, target domain
(CS), estimated weekly time commitment (less than
30 hr/week for 1-3 months), compensation range
(USD $30-40/hr), project agreement terms, and
screening questions. The compensation range was
determined based on previous projects involving
annotators with similar backgrounds and which in
turn is based on the typical hourly rate for anno-
tation tasks requiring SME (>$30). We did not
explicitly state our target education level (PhDs
and PhD candidates) in the job posting, but asked
for this as a screening question. Candidates sub-
mitted proposals (cover letter, answers to screening
questions, and desired compensation) which we

19https://www.upwork.com/



reviewed, used to shortlist them, and send them
an offer based on their proposal. After review, we
scheduled paid 90-minute interviews for shortlisted
candidates. Compensation was determined by the
hours logged by each participant on a weekly basis
— regardless of whether we decided to move for-
ward with a candidate’s application, we asked them
to log hours for their time (form and interview) so
that we could compensate them.

A.8.3 Consent
Our Upwork job description/offer provided a clear
description of the task and what kind of data would
be collected. Furthermore, the offer contained a
project participation agreement and along with a
statement that by accepting the offer, participants
also implicitly accepted the terms of the attached
agreement. The participation agreement is used
for all of the organization’s Upwork annotation
projects and explains in detail what kind of data
may be collected and how it may be used.

A.8.4 Demographics
Participants in our interviews were from varied
countries in North America, Europe, and Asia with
varying educational backgrounds—some were en-
rolled in MS/Ph.D. programs, others had already
obtained their Ph.D., and some were already work-
ing in research-focused industry positions. All had
expertise in various areas of computer science, in-
cluding machine learning, computer vision, natu-
ral language processing, security, and AI+Society.
Each interview was conducted in English and all
participants had fluency in English. Our data will
not release any protected demographic information.

A.9 Participant Survey Results

To ensure participants are active DR users, we first
survey their DR usage; 56.6% use DR daily, 26.1%
a few times a week, and others a few times a month.
Most participants use OpenAI, Gemini, or Perplex-
ity; only one used SCHOLARQA, reducing the risk
of overly-positive feedback on MYSQA. All but
one participant valued DR having more knowledge
about them, which they felt could best be uncov-
ered via their authored/read papers and documenta-
tion for projects. Most wanted the system to adapt
over time and tailor knowledge per query.

Participants wanted to control all execution steps
of DR (paper search, section planning, generation),
preferring picking among actions and flagging low-
quality queries as forms of control. Less than half

wanted to answer follow-up questions to control the
system, despite their prominence in OpenAI/Gem-
ini. Most DR use cases spanned learning, writing,
experimentation, literature review, and ideation.

After acceptance, we will provide a link to the
survey questions and responses (de-anonymized).

A.10 Full Interface Screenshots

In Figure 11, Figure 12, and Figure 13, we provide
screenshots with more examples of profiles, actions
and reports in MYSQA, respectively. Since profile
generation takes ∼ 5 minutes, we provide various
forms of entertainment as loading bars (Figure 14):
jokes, trivia facts, and the Chrome dinosaur game.
Many participants said that these were fun features.

A.11 Prompts

We now show most prompts we create, but we refer
readers to our Github20 to view them more easily.

For MYSQA (§2), Prompts D.1 and D.3 contain
the instructions for generating profiles and person-
alized actions; the prompt for generic actions is
similar, but removes P and any mention of it. The
prompts for generating reports mimic the ones used
in SCHOLARQA (Singh et al., 2025), but with ex-
tra instructions showing the model where to use p;
these are best viewed on our Github repository. Ap-
pendix A.10 has output examples from MYSQA.

For offline evaluation (§3), Prompts D.7, D.6,
D.8, and D.9 contain instructions for evaluating
profiles. Prompts D.10 and D.11 contain instruc-
tions for evaluating actions. Prompt D.12 contains
instructions for evaluating action adherence in the
report, which is also used for action uniqueness.

For the user satisfaction/simulation experiments
(§4.3), Prompts D.13, D.14, D.15 contain instruc-
tions for testing if LLM judges can predict if users
would be satisfied with profile inferences, actions,
and their execution in reports, respectively; the ex-
amples are for OVERCLAIM, OFFTOPIC, and
UNINFORM metrics (Table 9), respectively.

B Surveying ACL Personalization Work

To ground our claim that online studies are ne-
glected in NLP for personalization evaluation, we
survey work published in the main conference and
findings of ACL’25 (Che et al., 2025). We search
through the full proceedings21 for papers with titles

20This will be released upon acceptance
21https://aclanthology.org/events/acl-2025/



containing the terms “personalization” or “person-
alized”, yielding 43 in total. One author reads each
paper and removes 12 papers that do not introduce
a new method or evaluation to improve model per-
sonalization, leaving 31 in total. In each paper, the
same author labels: 1) whether the paper primarily
uses real user data or synthetic data (often gener-
ated by an LLM); 2) whether the paper uses LLM
judges for evaluation; 3) whether outputs are vali-
dated by humans, but not the same human related
to the personalization context; and 4) whether the
paper runs an online study with real users providing
inputs and feedback on the personalized outputs.

As summarized in §6.1, 17 papers primarily use
real user data, like in LaMP (Salemi et al., 2023;
Salemi and Zamani, 2025), while 14 rely mainly on
synthetic data—either by prompting LLMs or by
mixing attributes (e.g. demographics). 18 papers
use LLM-as-a-judge (Zheng et al., 2023) as a met-
ric, but shockingly, only 10 of these papers validate
the reliability of the judge. Finally, only two pa-
pers run online studies for personalization; Balepur
et al. (2025a) asks eight users to provide personas
for input queries and rate how well a query was an-
swered and the personalization of the final response
for their persona, while Flicke et al. (2025) build
ScholarInbox—ironically also a tool for scientific
literature recommendation—and check 1233 par-
ticipants’ user satisfaction with the system via 1–5
Likert ratings. The above online studies are also
not that rigorous in terms of discovering aspects
of personalization that matter to users, so we hope
future work keeps assessing personalization online.

C Generative AI Usage Statement

Generative AI (GenAI) was used in several stages
of this project. We use Cursor22 to rapidly proto-
type our UI, Gemini-2.5 Pro to parse our interview
transcripts, GPT-5 to modify our plots and refine
paper writing for brevity, and MYSQA for paper
search in the related work. We check GenAI out-
puts before adopting them (e.g. dog-fooding any
Cursor-generated UI, qualitative validation for tran-
script parsing). We never use GenAI for writing
experimentation code, qualitatively coding data, or
writing text from scratch. We take full responsibil-
ity for any issues stemming from GenAI errors.

By explicitly discussing GenAI usage here, we
aim to encourage other researchers to do the same.

22https://cursor.com/agents

D Personalize the Title of this Paper

We were torn between several titles for this paper
and spent many hours considering alternatives, so
we wanted to discuss other options here. We always
wanted the second half of the title to be “Evaluat-
ing Personalization in Deep Research Needs Real
Users”, but for the first half, we also considered:

1. LLMs Don’t Know You
2. LLMs Shallowly Know You
3. LLMs Are Shallow Simulators
4. LLM Judges Swim in Shallow Waters
5. LLM Judges Stay in the Shallow End
6. LLM Judges Don’t Take it Personally

By displaying these candidate titles (actions), we
hope you the reader can also meta-personalize this
DR paper (report) for your specific preferences.



Split # Queries Avg # Papers / Query Avg Query Length Avg Paper Length Total Instances

Dev 281 2.81 17.42 5855.51 281
Test 291 2.91 13.10 5742.30 291

Table 5: Details of our collected synthetic dataset

Model Ingredient Recall Answer Precision Citation Accuracy Citation Recall A Adherence

See All Actions 0.901 0.917 0.918 0.806 0.851
See Incremental Action 0.892 0.896 0.905 0.786 0.868

See Current Action 0.891 0.915 0.912 0.782 0.798
One-Shot Prompt 0.803 1.00 0.844 0.77 0.648

Table 6: Ablation of MYSQA across different strategies of where to include the actions in prompts. The dominant
strategy is always giving MYSQA the actions at each execution step.

Model Ingredient Recall Answer Precision Citation Accuracy Citation Recall A Adherence

MYSQA - Claude Sonnet 0.901 0.917 0.918 0.806 0.851
MYSQA - Gemini Flash 0.87 0.989 0.953 0.846 0.823

MYSQA - GPT-4.1 0.911 0.97 0.856 0.617 0.921

Table 7: Ablation of different LLMs to power MYSQA. LLMs have similar scores, so we choose Claude to match
Singh et al. (2025).

Model Ingredient Recall Answer Precision Citation Accuracy Citation Recall A Adherence

4 actions 0.901 0.917 0.918 0.806 0.851
8 actions 0.914 0.899 0.918 0.814 0.832

12 actions 0.927 0.896 0.91 0.81 0.812
24 actions 0.938 0.885 0.915 0.816 0.788
30 actions 0.947 0.898 0.916 0.807 0.777

Table 8: Ablation of MYSQA across various number of actions. The model preserves report quality, but the
proportion of actions followed drops as the number of actions increase.
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Figure 7: Accuracy of LLM judges for predicting user satisfaction in personalization aspects over profiles, actions,
and reports with one few-shot example. LLM judges are still worse than the majority class baseline.
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Figure 8: Accuracy of LLM judges for predicting user satisfaction in personalization aspects over profiles, actions,
and reports with no examples. LLM judges are still worse than the majority class baseline.
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Figure 9: Accuracy of LLM judges for predicting user satisfaction in personalization aspects over profiles, actions,
and reports with no metric definitions. LLM judges are still worse than the majority class baseline.

Output Type Aspect Description Freq

Profile

DOMAIN Uses terms, definitions, or details that do not capture the user’s domain of research 27.6%
OVERCLAIM Claims something applies to the user broadly, but only applies to some/parts of papers 17.9%

CONVENTION Infers a generic convention of the user’s field (e.g. "You enumerate contributions") 12.8%
CONTRAST Has a contrast that misrepresents the user (e.g. "You are X, not Y", but the user is Y) 12.2%
UNIMPORT The inference is true from their papers, but not a part of their papers they care about 8.3%
STRENGTH States something too strongly about the user (e.g. “You are a deep expert in X”) 7.1%

STYLE The user wanted the inference to use a different tone or style (e.g. formality) 5.8%
IMPOSSIBLE States something likely untrue for anyone (e.g. “You can prove P=NP”) 5.1%

GLOBAL The current inference contradicts or repeats another inference in the profile 3.2%

Action

NARROW The action is too specific and would overly constrain the coverage of information 43.8%
OFFTOPIC The action deviates too far from the query, distracting from the user’s goal/intent 23.6%

TRUST The user does not trust the system could execute the action 13.5%
VAGUE The user does not understand how the action would alter the report 7.9%
EXPERT The user is an expert and does not want to see basic actions (e.g. define terns) 5.6%
GLOBAL The current action contradicts or repeats another action in the list 5.6%

Report

UNINFORM The content is too vague/high-level to be useful, as the user wanted more details 38.0%
PRESENT The user wants the content presented in a different style/format (e.g. bullet points) 25.3%
IGNORE One or more implicit/explicit requirements in the action is ignored in execution 22.8%
FACTUAL The report hallucinates, mis-cites, or makes a factually incorrect statement 10.1%
GLOBAL The report contradicts or repeats itself across sections 3.8%

Table 9: Dimensions of personalization errors in MYSQA’s outputs uncovered in our interviews, missed by offline evaluation
(§3.4). Bold text indicates aspects with sufficient data (50+ examples) for evaluating if LLM judges can simulate them (§4.3).



Beforehand ask them for: 
1.​ Representative research papers 
2.​ Some queries to ask the DR system (2 examples) 
3.​ A tl;dr of their own biography 

 
Preliminaries: 

1.​ How do you currently use AI tools to support scientific research, like literature 
review and brainstorming? 

2.​ Have you ever wished these tools could better understand your background or 
research style? If so, what would you want them to know? 

3.​ How important is it for you to understand and control how a model personalizes 
to you?  

 
Framework [walkthrough]: 

1.​ Does this approach align with how you’d want personalization to work? Would it 
save you any time? 

2.​ What kinds of research tasks would you want to use this for? 
3.​ Why did you pick these papers? 
4.​ Besides your research papers, is there any other information you think would 

help the system understand you better? 
 
Profile Generation [walkthrough]: 

1.​ Would you be open to opting-in for storing an editable version of this profile on 
MyScholarQA? 

2.​ If improved, would you want to see this kind of profile for other researchers? 
Would you let other researchers see this profile of yourself? 

3.​ Could you see this being useful in other applications beyond MyScholarQA? 
 
Plan + Response Generation [walkthrough]: 

1.​ Did you like having the option to view and select potential ways to personalize 
the query? Would it save you time? 

2.​ Which of the requirements did MyScholarQA do a good and bad job at following? 
Did any deviate from what you were expecting? 

3.​ Did the highlights make it easier to tell where the model attempted to 
personalize? Would you like this highlighting to be more or less clear if it was 
built into the prototype? 
 

Conclusions: 
1.​ After seeing this in practice, what do you like and dislike about the prototype? 
2.​ Is there anything else we should note while building such a personalized system? 

Figure 10: List of questions we ask participants in the formative. Sections marked with "[walkthrough]" indicates
that participants also gave feedback on model outputs or high-level design in addition to answering the questions.
During the study, we refer to the list of actions as “plans”, which users found clear.



Figure 11: Full example of one of the author’s profiles with two inferences per section in MYSQA. We remove the
paper citations after each profile inference for anonymity. Users can view, toggle, and edit their profile inferences.



Figure 12: Full example of actions for a query in MYSQA. Users can view, toggle, and edit actions in the list.
Clicking on the dropdown arrow gives a more elaborate description of each action.
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Figure 13: Full example of a report for a query and actions in MYSQA. Users can view each section of the report,
collapse them for just a TL;DR, and view highlights for where MYSQA personalized. Clicking on an action (left)
enables/disables the highlights, revealing an action bar with: 1) the number of highlighted spans in the report; and 2)
navigation arrows to jump between highlighted spans. Each plan action and section has buttons which we use to
collect feedback.

Figure 14: We provide activities to entertain users while they wait for their profiles to be generated. Users can
view jokes, fun facts, or play the Chrome T-Rex game. Adding engaging activities before annotation tasks can have
positive outcomes (Lewis et al., 2011).



Prompt D.1: Profile Generation Prompt (§2.1)

Here are a list of paragraphs from research papers that the author has selected (either written or read):
<papers> P </papers>

Based on the papers, generate a list of inferences about the author of the paper, categorized as:
<rubric> rubric </rubric>

<format instructions> Generate your output as a JSON object with 5 keys: "knowledge", "research_style", "writing_style",
"positions", "audience"—where each key has a list of inference objects categorized under that type. An inference object
should have the key "inference" with a string high-level inference of the author’s preferences that spans across multiple papers
and the key "atomic_inferences" with a list of strings specific to the paper with evidence that supports "inference". Each
"inference" should be a single brief sentence with a hypothesis about the author’s preferences in the form "Your papers..." that
is more general and derived across multiple papers; it does not need an explanation. Each item in "atomic_inferences" should
have three keys: 1) string "atomic_inference" with a single brief sentence conveying an explanation of how the paper relates
to that inference in the form "One paper..." which will be more specific to the paper; 2) string "paper_title" which has the
title of the paper from which the inference was derived; and 3) list of integer "paragraph_numbers" for the paragraphs (not
sections) in "paper_title" from which the inference was derived. There should be five inference objects for each category,
and each object should have a list of "atomic_inferences" that cite all of the author’s papers that are relevant. No two atomic
inferences under the same inference object should cite the same paper. Use each paper at least once. Do not cite section titles.
</format instructions>
<personalization requirements>
- Inferences must be extremely personalized to the author; they should not apply to many authors in the field. For example, the
inference "You know about issues in LLMs" under knowledge is too vague; you should point to a specific type of issue (e.g.
memorization) that is more specific to just this author. The more specific the better.
- Do not make inferences that are conventions for certain fields in research papers.
* Limitation sections, listing contributions, using tables and figures, having related work, pointing out problems and proposing
solutions, and using footnotes are all common conventions across conference papers for "writing style" and should thus
NEVER be used as inferences. Instead, you should focus on aspects like tone, argumentation, and quirks that are specific to
the author and would infrequently be found by other authors submitting similar papers.
* Similarly, when stating which audience an author writes for, do not stop at just the field or intersection of fields (e.g.
computer vision for scientists). Drill down into this fields, like the type of computer vision researcher (e.g. image recognition)
or type of scientist (e.g. doctor).
* Many researchers who work on the same topic often believe the same things that appear specific at first. For example, many
researchers working on biases believe that biases are harmful. So instead of this, try to carve out a more unique preference
for that author. For example, you might say that the researcher believes biases are harmful because they cause mistrust in
high-stakes domains.
- Each high-level inference should not group multiple aspects together, and instead should focus on aspects that are most
important for the researcher. For example, instead of saying the researcher works on training, evaluating, and deploying
models, you could mention just one of the aspects the researcher works on that is unique compared to most researchers.
</personalization requirements>
<inference requirements> - When generating a high-level inference, do not force atomic inferences from each of the papers.
If a paper does not support a high-level inference, do not include it. For example, if you mention the researcher studies
generalization, do not claim all of their papers relate to generalization if in reality they do not.
- When generating inferences, you should always briefly mention how this aspect of the researcher is different from most other
researchers in their field if it is not obvious. If you say the author prefers X, explain that most other researchers prefer Y, which
is different from X. For example, instead of just saying a researcher "prefers hyperparameter sweeps", you could mention
"You prefer to test a larger space of hyperparameters compared to most researchers who typically test just a few ablations".
- Do not be excessively flattering. Use simple, clear, and easy-to-understand language. For example, instead of saying that the
researcher "has a unique, nuanced skillset in machine learning and psychology" simply say they "are familiar with machine
learning and psychology".
- You do not just have to say what the researcher wants to hear. Be honest. You are encouraged to include what the researcher
does NOT know, does NOT do, or does NOT prefer. These can be seen as areas of growth.
- Your inferences should not imply that the author has done everything in those papers, as they may not have written them.
For example, instead of saying "You use automated red-teaming" under research style if all papers discuss red-teaming, you
should infer something like "Your papers use red-teaming". </inference requirements>



Prompt D.2: Profile Category Rubric

<Knowledge>
**Definition:** Inferences from the paper about what the researcher *knows or doesn’t know*. This includes:
1. **Topic expertise or interest** - What domains the researcher seems fluent in or newly exploring.
2. **Familiarity with methods** - Implicit or explicit comfort with specific techniques or paradigms.
3. **Awareness of prior work** - The breadth and specificity of citations or conceptual framing.
**Distinguishing Focus:** What knowledge the researcher holds or lacks. </Knowledge>
<Research Style>
**Definition:** Inferences about *how the researcher prefers to conduct research*. This includes:
1. **Methodological preferences** - Use of qualitative, quantitative, computational, or hybrid approaches.
2. **Types of research questions** - Empirical, theoretical, exploratory, evaluative, etc.
3. **Study or experiment strategies** - How data is collected, analyzed, or operationalized.
**Distinguishing Focus:** How the researcher approaches doing research.
</Research Style>
<Writing Style>
**Definition:** Inferences about *how the researcher writes and explains ideas*. This includes:
1. **Argumentation and structure** - How ideas are developed, ordered, and emphasized.
2. **Tone and voice** - Formality, assertiveness, didacticism, etc.
3. **Explanation preferences** - Use of examples, metaphors, definitions, or technical language.
4. **Stylistic quirks** - Repetition, narrative devices, or particular rhetorical habits.
**Distinguishing Focus:** How the researcher communicates in writing.
</Writing Style>
<Positions>
**Definition:** Inferences about *what the researcher believes or argues*. This includes:
1. **Claims and conclusions** - What stances are taken or avoided.
2. **Normative views** - Ethical, political, or philosophical commitments evident in the writing.
3. **Arguments emphasized** - Which perspectives are advanced or critiqued.
**Distinguishing Focus:** What positions the researcher is taking or signaling.
</Positions>
<Audience>
**Definition:** Inferences about *who the researcher is writing for or trying to impact*. This includes:
1. **Assumed audience background** - What the researcher expects the reader to already know.
2. **Stakeholder relevance** - Who is likely to be affected by or benefit from the work.
3. **Audience alignment** - Whether the writing aligns with academic, practitioner, policy, or public communities.
**Distinguishing Focus:** Who the researcher is addressing or aiming to influence.
</Audience>



Prompt D.3: Action Generation Prompt (§2.2)

Here are a list of inferences about a user. The numbered inference is a high-level inference, while the sub bullet points provide
evidence for these inferences: <profile> P </profile>
They are now asking: <query> q </query>
This query will eventually be fed into a system called PersonalizedQA that executes: 1. retrieval: searches for research papers
2. organization: outlines sections for the final response to include
3. generation: produces text for each of these sections

To help PersonalizedQA personalize responses based on the user’s profile, come up with a list of personalization strategies
that the system should follow. Each personalization strategy should specify two requirements:
1. What kind of response the user will experience (Qualitative Personalization)
2. How the system should behave at each step (Implementation Personalization)

The qualitative personalization label is based on how the response will be personalized to the user at a qualitative level:
<qualitative personalization strategies> insert qualitative rubric </qualitative personalization strategies>

The implementation personalization label is based on the three-step execution of ScholarQA, categorized as: <implementation
personalization strategies> insert implementation rubric </implementation personalization strategies>
<format instructions> Generate your output as a JSON object with 4 keys based on the implementation personalization
strategies: "search_add", "search_refine", "organization", "generation"—where each key has a list of personalization strategy
objects. Each strategy object should have four keys: 1) a string "strategy" as a brief high-level requirement for the final output
that would lead to a more helpful response that is personalized to this user; 2) a string "tldr" with an extremely brief version
of the "strategy" (less than fifteen words); 3) an integer "inference_number" which has the numbered inference from which
the strategy was derived; and 4) a string "qualitative_strategy" categorizing how the output will be affected qualitatively
(one of "content", "explanation_style", "specificity", "usefulness"). All requirements should be a concise sentence (<30
words) in the exact form "I can... [action to take], which might help you... [predicted help]". Include exactly four strategies
for each implementation category (four personalization strategies for each of "search_add", "search_refine", "organization",
"generation"). Make sure all of the strategies directly address the query. </format instructions>
<personalization instructions> - When designing a personalization strategy, do not just consider what the researcher knows or
prefers, but also what the researcher does NOT know or does NOT prefer. For example, if a cybersecurity researcher asks for
papers genetic sequencing, we likely need to add more background information for this user. This should involve adding a
preliminary background section in "organization" or using simple terminology in "generation". On the converse, if the user is
an expert in a topic, state that you will not add preliminary sections and avoid basic redefinitions to help save the user time.
- Do not force the personalization strategies to be specific. The specificity of each strategy should depend on how similar the
query is to the user’s profile. For example, if a user works on knowledge graphs and the query relates to knowledge graphs, the
personalization strategies should be very specific based on the user’s profile, outlining more concrete actions to take. However,
if this same user with interests in knowledge graphs asks about computer vision, the actions to take in the personalization
strategies should be more high-level.
- Do not always try to directly copy the user’s profile when making requirements. For example, if a user’s profile says they
are interested in a specific psychological construct and you want to give a strategy involving this (e.g. I will connect the
explanation to Ebbinghaus’s learning curve), do not mention the specific construct. You should instead write more broadly
(e.g. I will connect the explanations to memory constructs).
- If the query is very aligned with the user’s profile, provide much more concrete suggestions for personalization. But if the
query is quite dissimilar, keep the personalization suggestions very high-level and broad.
- Not every strategy should involve adding information. It is extremely important for you to also propose strategies so that
the user can save time, like by ignoring papers in search_add, skipping sections in organization, and not redefining terms
they already know in generation. Include at least one of these time-saving strategies, and add even more if the user is closely
related to the information in the query.
- Ensure a considerable amount of the strategies (one third) involve giving suggestions for how the user could apply the
information in the response for their own research—the qualitative strategy label "usefulness" </personalization instructions>
<action instructions> - The action X to take in each strategy should be specific to each category:
* search_add: I can also search for papers on X, I will add X to my list of search terms, I will expand the search to include X,
etc.
* search_refine: I will interpret X in your query to mean Y, I will ignore papers that do X, I will narrow the domain/task to X,
etc.
* organization: I can add/ignore a section on X, I can have a more/less detailed on section X, etc.
* generation: I can connect my explanation to concept X, I can add explain X by doing Y, I can use an X style, etc.
- If you are not confident the action is possible (e.g. if you do not know if there are papers that exist on a topic X in search_add
or search_refine), use careful, hedged wording to avoid overclaiming, like "I can see if there are papers on X". Always hedge
on search actions, but only when you are not fully confident on organization and generation.
- Please include several actions to take that involve saving time and generating shorter responses, like by ignoring papers in
search_refine or search_add, skipping sections in organization, and not redefining terms they already know in generation.
</action instructions>

...[truncated]...



Prompt D.4: Action Qualitative Categories

<Content>
**Definition:** Specifies *what information* the response should include and how it should be conceptually framed. This
can include:
1. **Conceptual scope** - Which concepts to emphasize, omit, or define.
2. **Depth of explanation** - Whether to provide brief overviews (if the user is knowledgeable on the area) or in-depth
knowledge (if the user is new to the field).
3. **Terminology alignment** - Tailoring vocab to match the user’s disciplinary conventions.
**Distinguishing Focus:** What content is covered and how deeply.
</Content>
<Explanation Style>
**Definition:** Specifies *how the explanation for the information is communicated*. This can include:
1. **Explanatory style** - Empirical, intuitive, formal/mathematical, or example-led.
2. **Cognitive structuring** - Layered explanations, definitions first vs. bottom-up learning.
3. **Framing mechanisms** - Use of analogies, metaphors, or domain-specific language aligned with the researcher’s
background. **Distinguishing Focus:** How the content is explained, formatted, and connected to other concepts.
</Explanation Style> <Specificity> **Definition:** Clarifies and narrows the scope of the response to better match the
researcher’s intended focus. This can include:
1. **Disambiguating vague inputs** - Interpreting terms like "methods, "frameworks", or "best" in the user’s specific context.
2. **Focusing by domain/task** - Aligning content to a subfield, methodology, or research phase.
3. **Resolving underspecification** - Filling in implicit assumptions (e.g., assuming qualitative when not stated).
4. **Removing irrelevant scope** - Avoiding generalizations or adjacent topics not central to the task.
**Distinguishing Focus:** What exactly is meant or needed, and how to restrict the response to that.
</Specificity> <Usefulness> **Definition:** Shapes the response to be *actionable* or *instrumental* for the researcher’s
goals or workflow. This can include:
1. **Direct application** - Helping write a section, implement a method, interpret results, etc.
2. **Workflow integration** - Mapping content to stages of research or types of output.
3. **Next steps** - Suggesting what to do with the information (e.g., adapt, cite, reframe, test).
4. **Decision support** - Helping choose between options, methods, or framings based on task-fit.
**Distinguishing Focus:** How the information can be turned into research actions or outputs.
</Usefulness>

Prompt D.5: Action Implementation Categories

<Search Add>
**Definition:** Personalizes the search by **adding new terms or dimensions** to the original query. This includes:
- Introducing related subfields, topics, or concepts the user may not have explicitly mentioned
- Incorporating inferred preferences such as favored methods, datasets, evaluations, or research types
- Expanding the query scope to make responses more relevant or actionable in the user’s workflow
- Suggesting new combinations of fields or terms to enhance discovery
</Search Add>
<Search Refine>
**Definition:** Personalizes the search by **revising or improving** the original query. This includes:
- Disambiguating unclear or subjective terms
- Making existing search terms more specific or technically precise
- Narrowing or clarifying the focus based on known user preferences or context
- Adjusting query language to better match terminology used in the literature
- Removing irrelevant, redundant, or low-value terms that may dilute the quality of results
</Search Refine>
<Organization>
**Definition:** Personalizes how the papers are grouped into sections for the final response. This includes:
- Which sections should be included or excluded (e.g. skipping intro sections if the user is an expert in the field, adding
background sections if the user is a novice)
- High-level structure (e.g. organizing by themes, topic, methods, history, research questions, etc.)
- Additional sections to make the response more useful in the user’s research workflow (e.g. a section on follow-up ideas,
implementation steps, considerations, suggestions, etc.). This should be heavily prioritized.
</Organization>
<Generation>
**Definition:** Personalizes how certain sections are written and explained. This includes:
- What connections the responses should make (e.g. connections to the user’s prior frameworks, methods, papers, etc.)
- The strategy of explanations (e.g. definitions-first, example-first, intuitive-first, etc.)
- The writing style and level of elaboration based on the user’s expertise (e.g. brief overviews versus deep exposition)
</Generation>



Prompt D.6: Profile Inference Accuracy Prompt (§2.1)

<task> As an Attribution Validator, your task is to verify whether a given inference can be accurately derived from a
list of references. A reference is a collection of snippets from a research paper. Specifically, your response should
clearly indicate the relationship: Attributable or Contradictory. A contradictory error occurs when you can infer
that the inference contradicts the information presented in the reference. If the inference appears true based on the pa-
pers, even if some of the papers are irrelevant (i.e. the model "over-cited" the papers), then the inference is Attributable. </task>

<inference> I </inference>

<references> Dcite </references>

<format> Output your response as a json with only a single key "output" and a value of one among - ("Attributable",
"Contradictory"). </format>

Prompt D.7: Profile Inference Category Accuracy Prompt (§2.1)

<task> As a Category Validator, your task is to verify whether a given inference can be classified under the specified category.
Specifically, your response should clearly indicate the relationship between the inference and category: Match or Mismatch.
A mismatch occurs when you can infer that the inference does not relate at all to the category and its definition. A match
occurs when you can infer they do relate to each other </task>

<category> [insert category] </category>

<category definition> [insert definition] </category definition>

<inference> I </inference>

<format> Output your response as a json with only a single key "output" and a value of one among - ("Match", "Mismatch").
</format>

Prompt D.8: Profile Inference Relevance Prompt (§2.1)

<task> As a Relevance Validator, your task is to determine whether a specific text from a paper provides support for and is
relevant to a broader inference intended to span multiple papers. If the paper text provides support for at least one aspect of
the inference, then it is relevant. If the paper text supports no part of the inference, then it is irrelevant. For example, if the
inference claims "Your papers use the terms ’first’ and ’novel’" and from the text we can infer that "The paper uses the term
’first’", the paper text is relevant since it relates to the claim about ’first’, even though the word ’novel’ is not discussed. Thus,
for the paper text to be "Relevant", it only needs to support one aspect of the inference. </task>

Here is the paper text: <paper text> dcite </paper text>

And here is the inference: <inference> I </inference>

<format> Output your response as a json with only a single key "output" and a value of one among - ("Relevant", "Irrelevant").
</format>

Prompt D.9: Profile Inference Specificity (§2.1)

<task> As a Specificity Validator, your task is to rate the specificity of a given inference about a computer science researcher
from one to five. </task>

Use the following criteria:
<criteria>
Criteria: Personalization: How specifically tailored and insightful is the inference about the computer science researcher?
Score 1: Extremely vague or generic; the inference could apply to almost any researcher in computer science.
Score 2: Broad and minimally tailored; captures a common area or trait that applies to many researchers in computer science.
Score 3: Moderately specific; identifies a more refined topic or pattern but still describes a large population of computer
science researchers.
Score 4: Specific and reasonably personalized; reflects a more distinctive sub-area, approach, or motivation of the researcher.
Score 5: Highly specific and personalized; demonstrates a deep, nuanced inference that could plausibly distinguish this
researcher from almost every other researcher in their field.
</criteria>

Here is the inference you must rate: <inference> I </inference>

<format> Output your response as a json with only a single key "output" and an integer rating for Specificity from one to five.
</format>



Prompt D.10: Action Personalization Win Rate Prompt (§2.2)

As a Plan Validator, your task is to determine which of two plans for how to tailor a response best matches a user’s profile.
The user profile will be a series of inferences about a user derived from their research papers, organized under various
categories. The two plans will be labled as "Plan A" or "Plan B" and describe a list of suggestions an external question
answering model could execute to generate a more personalized response. Your output should denote whether plan "A" or "B"
is better aligned with suggestions that the user described in the profile would prefer.

Here is the profile: <profile> P </profile>

Here is Plan A: <plan A> pperson </plan A>

Here is Plan B: <plan B> pgen </plan B>

<format> Output your response as a json with only a single key "output" and a value of one among - ("A", "B"). </format>

Prompt D.11: Action Relevance Prompt (§2.2)

As a Plan Contradiction Validator, your task is to determine if a plan step directly conflicts the instructions in the query.
The query will be a question related to scientific research. The plan will describe a list of suggestions an external question
answering model could execute to generate a better response.

Your output should denote whether the plan has a "CONFLICT" or "NO_CONFLICT" with the query. For example, if
the query asks "What are the best question answering datasets?" and a plan step says "Focus search on summarization
benchmarks", there would be a "CONFLICT", since the model cannot focus on summarization benchmarks without ignoring
question answering datasets, and thus would have to ignore the query to follow the instruction. However, if a plan step for this
query said "Focus on Extractive Question Answering" it would be "NO_CONFLICT", since the model could follow this step
while still answering the query. Similarly, if the plan step said "Draw connections to summarization benchmarks" it would be
"NO_CONFLICT", as drawing a connection does not mean ignoring the request in the query.
</task>

<query> q </query>

<plan step> a </plan step>

<format> Output your response as a json with two keys: 1) "output" with a value of one among - ("CONFLICT",
"NO_CONFLICT"); and 2) "explanation" with a brief explanation as to why. </format>

Prompt D.12: ACtion Instruction-Following Prompt (§2.3)

You are given a query, an instruction, and a corresponding long answer. As an Instruction-Following Validator, your task is to
determine whether the answer correctly follows a given instruction with the boolean flag "was_followed".

If the response directly follows the instruction, then "was_followed" is true. If the response does not directly adhere to the
instruction, either failing to fulfill any of its requirements or failing to acknowledging it, then "was_followed" is False

For example, if the instruction states that the response should "Include a section on metrics" and the response has a section on
metrics, then "was_followed" is true

Similarly, if the instruction states that the response should "Discuss future directions" and the response only reports on current
trends, then "was_followed" is false

You should be strict with your judgments. If the instruction says the model should do something (e.g. add a section titled "X",
add an analogy on "Y"), the model must follow it exactly for ‘was_followed‘ to be true. If the model vaguely follows the
instruction (e.g. adding sections related to "X" but not with the right title, using keywords linked to "Y" but not adding an
analogy), ‘was_followed‘ should be false

Return your result as a JSON object with the keys: 1) ‘was_followed‘: a true/false boolean for whether the instruction was
followed in the answer; and 2) ‘reason‘: a string explanation behind your decision:
{{
"was_followed": boolean true/false for if the instruction is followed in the answer
"reason": string explanation for your decision in "was_followed"
}}

Question: q
Instruction: a
Answer: R



Prompt D.13: Profile Satisfaction Prompt (§4.3)

You are an expert at evaluating generated text with respect to user satisfaction across specific metrics.

<task>
Given a set of research papers selected by a user, a model must generate a profile containing a series of inferences about
the user, each of which cite the papers from which the inferences were derived. These inferences are supposed to capture
information about the user that would help a question-answering system personalize its responses when the user asks
questions. You will be given one of the model-generated profile inferences that the user reviewed, and will be asked to predict
if the user was satisfied with the profile inference.

Here are the research papers the user selected to represent their profile:
<papers>
P
</papers>

Here is an inference the model generated about the user that you must evaluate:
<profile inference> I </profile inference>
Here is the categorization of the above profile inference:
<profile inference category> [insert category] </profile inference category>
Your job is to evaluate if the user would be satisfied or dissatisfied with this inference in the profile. Satisfied means that
the user believes the inference perfectly captures one part of their preferences and interests. If the user is satisfied with the
inference they would leave it unaltered in their profile, with no desire for modifications or noting any issues (no matter how
minor).

Specifically, evaluate the response for user satisfaction with the following criteria in mind:
<metric>
Metric criteria: Would the user be satisfied with how broadly the profile inference claims apply across their papers and in
particular, the papers cited in the inference? Or is the profile inference overstating its scope?
- Set is_satisfied=true if the profile inference describes something that genuinely applies to a substantial portion of the user’s
papers, making it a meaningful part of their profile.
- Set is_satisfied=false if the profile inference is overstated, claiming to apply across the user’s papers when in fact it only
applies to a small subset or is not significant enough to represent the user’s overall work.
</metric>
</task>

<format> Structure your output as a JSON with a boolean key "is_satisfied", which is set to true if the user would be fully
satisfied and false otherwise, and "explanation", which provides a brief rationale as to why you picked the label in "is_satisfied".
</format>

Model Answer Coverage Answer Precision Citation Precision Citation Recall Action Adherence

MYSCHOLARQA 91.4 89.9 91.8 81.4 83.2
SCHOLARQA 88.9 89.1 90.5 76.9 81.3
OPENSCHOLAR 77.2 97.4 82.5 60.4 82.5
STORM 72.0 92.2 73.3 64.7 74.4
Perplexity Sonar DR 81.0 82.9 64.3 46.3 75.0
OpenAI DR (o3) 89.1 90.2 79.2 56.7 93.8

Table 10: Deep Research report quality and action instruction-following for query q and 8 actions in Agen ∪ Aperson.
MYSQA surpasses all DR tools in 3/5 metrics. We run OpenAI DR on 10 examples due to latency and cost issues.



Prompt D.14: Action Satisfaction Prompt (§4.3)

You are an expert at evaluating generated text with respect to user satisfaction across specific metrics.
<task> Given a query asked by a user and a profile that captures that same user’s preferences and interests, a model
must generate suggested actions (which we refer to as plan steps) that a system could also perform when answering
the question. The plan steps, when followed, are supposed to result in more useful information for the user in
the final response. The usefulness of a response depends on the user’s intent in the query, but is likely intended
to help them learn new information, find relevant papers they can save, propose new ideas for them to explore,
or give implementation advice. You will be given one of the model-generated plan steps that the user reviewed, and
will be asked to predict if the user was satisfied with the plan step and wanted the model to execute it when answering the query.

Here is the query the user provided:
<query> q </query>

Here is the user’s profile:
<profile> P </profile>

Here is one of the plan steps the model generated:
<plan step> a </plan step>

Here is the categorization of the above plan step:
<plan step category> [insert category] </plan step category>

Your job is to evaluate if the user would be satisfied or dissatisfied with the plan step that the model proposed. If the user is
satisfied with the plan step, they would want a model to follow this extra request in addition to answering their query, with no
desire for modifications or noting any issues (no matter how minor).

Specifically, evaluate the response for user satisfaction with the following criteria in mind:
<metric>
Metric criteria: Given their original query, would the user be satisfied with the information that this plan step would
incorporate in the answer to the query? Or would this add information that is overly distracting?
- Set is_satisfied=true if the plan step stays aligned with the user’s query and directs the response toward information that
would be clearly useful for addressing their request.
- Set is_satisfied=false if the plan step shifts the focus away from the query, leading the response toward content that is
irrelevant or distracting from what the user actually wants to know.
</metric>
</task>

<format> Structure your output as a JSON with a boolean key "is_satisfied", which is set to true if the user would be fully
satisfied and false otherwise, and "explanation", which provides a brief rationale as to why you picked the label in "is_satisfied".
</format>



Prompt D.15: Report Satisfaction Prompt (§4.3)

You are an expert at evaluating generated text with respect to user satisfaction across specific metrics.
<task> Given a query asked by a user and a plan step containing additional instructions for the model to perform when
answering the query, a model must generate a multi-section response that answers the query and follows the extra steps. The
response is supposed to contain information related to the plan step that the user would find useful in the entire response,
but particularly in the spans of highlighted text. The usefulness of a response depends on the user’s intent in the query,
but is likely intended to help them learn new information, find relevant papers they can save, propose new ideas for them
to explore, or give implementation advice. You will be given one of the model-generated responses and the plan step
that the user reviewed, and will be asked to predict if the user was satisfied with how the plan step was followed in the response.

Here is the query the user provided:
<query> q </query>
Here is the plan step the user asked the model to follow:
<plan step> a </plan step>

Here is the categorization of the above plan step:
<plan step category> [insert category] </plan step category>

Here is the response the model generated:
<response> R </response>

Your job is to evaluate if the user would be satisfied or dissatisfied with how the model followed the plan step in its response.
If the user is satisfied with how a plan step was followed in the response, they would find that the information related to the
plan step in the response is perfectly described and useful, with no desire for modifications or noting any issues (no matter
how minor).

Specifically, evaluate the response for user satisfaction with the following criteria in mind:
<metric>
Metric criteria: Would the user be satisfied with the depth of information in this response related to the plan step? Or is the
response content related to the plan step too vague, high-level, or general to be useful?
- Set is_satisfied=true if the response content related to the plan step provides concrete, detailed, and specific information tied
to the plan step that adds meaningful value for the user.
- Set is_satisfied=false if the response content related to the plan step is vague, superficial, or generic, giving little more than
high-level statements without useful depth or detail.
</metric>
</task>

<format> Structure your output as a JSON with a boolean key "is_satisfied", which is set to true if the user would be fully
satisfied and false otherwise, and "explanation", which provides a brief rationale as to why you picked the label in "is_satisfied".
</format>


