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Figure 1: (A) Conventional approaches collect preference feedback during or immediately after an LLM interaction, producing
a single-moment preference signal. (B) BITE extends this measurement window by eliciting a follow-up reflection after
detecting a potentially related downstream event. Together, the initial and follow-up evaluations provide temporally grounded
longitudinal preference data. The downstream event serves as a proxy for triggering reflection and does not establish that an

action occurred or was caused by the LLM interaction.

Abstract

Current human-AI alignment and evaluation methods for large
language models (LLMs) often rely on preference signals collected
immediately after an interaction. This practice implicitly treats
preference as static, even though many LLM-mediated decisions
unfold over time and may be re-evaluated differently after real-
world consequences and observed outcomes. Therefore, we argue
for a methodological shift from single-moment preference elici-
tation to longitudinal, context-situated alignment measurement.
We present a methodological framework and system for longitudi-
nal preference collection that combines (1) in-situ evaluation, (2)
context-triggered follow-up reflection, and (3) privacy-preserving
behavioral traces that help contextualize evaluation revisions. As an
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instantiation of this methodology, we introduce BITE, a browser-
based system that detects consequential LLM interactions, prompts
reflection across later decision points, and supports progressive,
user-controlled consent for sharing behavioral data. Through a
two-week proof-of-concept deployment with eight participants,
our approach captured differences between participants’ imme-
diate and delayed evaluations of LLM outputs across dimensions
including accuracy, trust, and relevance. Our findings highlight the
limitations of single-moment preference datasets and underscore
the importance of longitudinal methods for alignment evaluation
in everyday use.
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1 Introduction

Preference learning and human-ATI alignment for large language
models (LLMs) are largely grounded in feedback collected imme-
diately after an interaction, as in reinforcement learning from hu-
man feedback (RLHF) [26] and other preference-optimization ap-
proaches [6, 45]. Human feedback provides useful signals about
users’ reactions at the moment of generation, but they are often
collected before users have acted on an output, verified claims, or
encountered consequences. This creates an upstream measurement
gap in preference elicitation. Alignment pipelines receive limited
evidence about how users assess LLM outputs after using them in
context [13]. We address this gap with a methodological framework
and browser-based system, BITE, for collecting temporally and
contextually grounded feedback after users act on LLM outputs.

Many consequential LLM-mediated activities unfold beyond the
moment of interaction. Tasks such as choosing products, plan-
ning travel, or drafting important communications involve follow-
through actions whose outcomes may only become apparent later.
In these settings, users may reassess an output after encounter-
ing additional information or experiencing its consequences. Prior
work similarly suggests that preferences can be constructed in con-
text and may be sensitive to when and under what conditions they
are elicited [20, 28, 33]. Optimizing only for immediate feedback
may therefore miss criteria that users apply after downstream use
or overemphasize short-term satisfaction [13].

This gap shows a methodological limitation in current align-
ment pipelines. Current user preference elicitation approaches cap-
ture proximal reactions but under-represent temporally grounded
preference signals and changes. We argue that existing alignment
methods are shallow in time. While effective for single-turn judg-
ments, they provide limited visibility into how user preferences and
evaluations may evolve over time. Because human preferences are
time-inconsistent and sensitive to when evaluations are made [21],
immediate judgments may not reflect later assessments after out-
comes unfold. If delayed judgments systematically diverge from
immediate ones, optimizing on one-shot feedback may overestimate
practical alignment. This temporal scope differs from multi-turn
reinforcement learning, which generally extends the optimization
horizon across conversational turns or modeled rollouts [30]. Con-
versely, we focus on what happens after the LLM interaction takes
place and users browse elsewhere and take actions according to the
LLM outputs.

Closing this gap is methodologically challenging. Longitudinal
measurement in real-world settings requires capturing interactions
and downstream behaviors over time, across technological environ-
ments and contexts, while minimizing user burden and preserving
privacy. Prior work in experience sampling and HCI in-the-wild
methods highlights the tension between ecological validity and
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intrusive data collection [4, 7]. Moreover, understanding how and
why users reassess LLM outputs requires contextual signals about
their subsequent actions and decisions, rather than repeated pref-
erence elicitation alone. However, collecting such behavioral traces
introduces significant privacy concerns [12].

To address these challenges, we introduce BITE, a browser-based
system for capturing temporally grounded alignment signals in ev-
eryday LLM use. BITE combines three key components: (1) in-situ
preference elicitation that captures immediate evaluations
of LLM interactions, (2) outcome-aware follow-up preference
elicitation triggered by downstream actions, and (3) privacy-
preserving behavioral traces collected through a progressive
consent model. By linking LLM interactions to later user behavior
and reflection, our approach enables the study of alignment as a
temporal process.

We deploy BITE in a two-week in-the-wild study with 8 par-
ticipants and 182 captured LLM conversations 71 of which had
followup reflections. In the study, we observe three longitudinal
patterns after users act on model outputs. First, immediate and de-
layed judgments diverged most on trust and relevance, indicating
that our participants re-evaluated LLM outputs after downstream
use. Second, preference updates were directionally asymmetric.
Trust changed at follow-up (p = 0.045), with most trust revisions
moving downward. Participants attributed these revisions to out-
come verification and context reconstruction (e.g., checking exter-
nal sources, revisiting options), rather than passage of time alone.
These exploratory findings demonstrate that BITE can capture de-
layed reassessments that are not observable through single-moment
preference elicitation and suggest that some evaluations may be
temporally contingent.

In summary, this paper makes three contributions:

¢ A methodological framework for collecting temporally
and contextually grounded evaluations by connecting in-situ
preference elicitation, context-triggered follow-up reflection,
and downstream behavioral data.

e BITE, a privacy-aware browser-based system that op-
erationalizes this framework through cross-context activity
detection, outcome-aware follow-up prompts, and progres-
sive, user-controlled consent for sharing browsing traces.

e Exploratory findings from a two-week in-the-wild de-
ployment demonstrating that BITE can capture delayed
reassessments after users act on LLM outputs and identifying
dimensions and contextual processes associated with those
reassessments.

2 Related Work
2.1 RLHF and Preference Learning

A central premise in reinforcement learning from human feedback
(RLHF) is that human preferences can be elicited as stable, imme-
diately evaluable judgments over model behavior. The canonical
formulation in Christiano et al. [6] operationalizes feedback as
rapid, local pairwise comparisons that are largely decontextual-
ized from downstream use. Contemporary RLHF pipelines also
retain this structure. For example, Ouyang et al. [26] relies on short
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textual judgments as the primary training signal, rather than mea-
surements of how model outputs perform when acted upon in
real-world settings.

While this design enables scalable data collection, it also con-
strains what is being optimized. Because feedback is collected at
interaction time, RLHF systems are implicitly trained to optimize
for short-term, surface-level signals that correlate with immediate
approval [13]. Prior work has shown that such proxy signals can be
exploited during optimization, leading to the amplification of stylis-
tic features that do not necessarily reflect deeper alignment with
user goals [45]. More broadly, the reward-hacking and specification-
gaming literature highlights how optimizing imperfect proxies for
human preferences can diverge from what users would endorse
once outcomes unfold over longer horizons [2].

Our work builds on this line of critique by focusing on a specific
and underexplored dimension of temporality. When the conse-
quences of model outputs are delayed, or when evaluation depends
on contextual information revealed only after follow-through, one-
shot judgments collected at interaction time may provide an incom-
plete or even misleading signal of alignment [3]. This concern aligns
with prior observations that humans struggle to accurately eval-
uate options in isolation without experiencing their downstream
effects [17]. These limitations suggest that preference signals used
in current alignment pipelines may not fully capture how user
evaluations evolve over time, motivating methods that account for
temporally situated judgments.

2.2 Short-term vs. Long-term Human Judgment

A substantial body of work in psychology and behavioral econom-
ics shows that human judgments are not stable across time, but
instead depend on when and how they are elicited. Prior research
on time inconsistency and preference construction demonstrates
that evaluations formed in the moment can differ systematically
from those formed after reflection, additional information, or lived
consequences [18, 25, 33]. Rather than revealing fixed preferences,
momentary judgments often reflect context-dependent construc-
tions that may be revised as individuals gain new information or
experience outcomes.

One key mechanism underlying these differences is the distinc-
tion between immediate and reflective evaluation. Immediate judg-
ments tend to rely on salient, readily accessible cues, such as fluency
or coherence, particularly when decisions are made quickly or in iso-
lation [1, 35]. In contrast, reflective judgments can incorporate ad-
ditional considerations and follow-through, including downstream
outcomes, opportunity costs, and alignment with longer-term goals
[14]. These later evaluations are often informed by contextual in-
formation unavailable at the time of the initial judgment. These
findings have important implications for alignment and preference
learning. If evaluations depend on temporal context, then prefer-
ence signals collected at a single moment may not reflect users’
considered judgments once they act on model outputs. In particular,
feedback elicited immediately after interaction may overrepresent
surface-level qualities while underrepresenting outcome-based con-
siderations that only emerge over time. This suggests that alignment
signals are inherently temporally situated, motivating approaches
that capture how evaluations evolve alongside user experience.
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2.3 'Web browsing and Behavioral Traces

Prior research has long treated interaction history as a meaning-
ful behavioral signal. Early work on “read wear” and “edit wear”
showed that accumulated traces can reveal attention, task progress,
and likely future actions in digital artifacts [16]. Beyond recording
behavior, these traces act as memory cues that help users reflect on
prior actions and changes over time. Similarly, prior work on social
translucence argued that making behavioral traces visible to users
can improve coordination and accountability in collaborative set-
tings [9, 10]. More recent work extends this idea to recommendation
settings by leveraging personal digital traces (e.g., calendars, com-
munication logs, and activity histories) to infer latent preferences
and support group-level decisions [37].

In our setting, these prior studies suggest a modeling strategy
for treating web browsing and chat interaction logs as temporally
structured evidence of evolving user intent. Instead of using a
single immediate preference label, a model can aggregate multi-
stage signals such as query reformulations, browsing patterns, dwell
time, abandonment, and follow-through (e.g., moving from chat
to booking, payment, or email confirmation). Studies of everyday
browsing tab management further indicate that browsing behavior
often encodes deferred commitments and pending tasks, not only
instantaneous interest [5].

This perspective is central to evaluating recommendations gener-
ated by LLMs because a response that receives high in-chat ratings
may still yield poor downstream utility, while a less impressive
initial response may better support longer-horizon success. Large-
scale in-the-wild chats reveal substantial behavioral diversity [44],
while fine-grained interaction signals such as mouse trajectories
provide complementary cues for modeling user intent [42]. At the
same time, real-world deployments underscore the importance
of addressing profiling and privacy risks in trace-based systems
[12, 36].

Work on end-user web automation likewise shows that intent is
often realized through multi-step, cross-interface workflows, moti-
vating delayed and outcome-aware evaluation rather than one-shot
judgment [19]. Complementary reviews and domain trials similarly
argue for tying recommendations to downstream consequences
instead of immediate reactions [24, 34]. Recent educational de-
ployments also demonstrate that longitudinal traces capture users’
evolving engagement with planning, reflection, and collaborative
discussion affordances, not just response-level quality [27, 38-41].
Building on these findings, we argue that alignment-oriented feed-
back pipelines should explicitly connect recommendation events
to later behavioral outcomes through longitudinal, cross-context
traces.

3 Design Goals

The design of BITE was guided by four overarching goals includ-
ing capturing temporally situated reflections on LLM interaction,
preserving meaningful user control over personal data, and mini-
mizing disruption to users’ natural workflows. These goals draw
on established principles from human-computer interaction and
privacy research.
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3.1 DG1: Capturing Temporally Separated
Reassessments

A key limitation in current evaluations of LLM systems is that user
feedback is often collected immediately after interaction, before
users have experienced the downstream consequences of LLM sug-
gestions. However, research in reflective interaction design and
experience-centered sampling suggests that users’ interpretations
of technology often evolve as they integrate system outputs into
real-world contexts [29].

To address this gap, the system must capture both immediate
and delayed reflections on LLM-generated content. This design goal
draws inspiration from Schon’s theories of reflection-in-action and
reflection-on-action [22], which distinguish between immediate
responses during an activity and retrospective evaluations after
the activity has unfolded. By linking LLM interactions to subse-
quent user behavior, the system can study how perceptions of LLM
interaction may shift over time.

3.2 DG2: Enable Context-Aware Reflection
Without Burdening Users

Continuous surveys or diary studies can impose a significant burden
and disrupt users’ workflows. Prior work in experience sampling
and context-aware computing suggests that prompts are most effec-
tive when they are situated within meaningful events rather than
delivered at arbitrary times [7].

Therefore, the system must prompt users to reflect on and express
their preferences when interactions occur in decision domains that
may lead to consequential outcomes. This event-driven design may
minimize unnecessary interruptions while increasing the likelihood
that reflections occur at moments when users can meaningfully
assess the impact of the LLM response.

3.3 DG3: Support Progressive and Contextual
Consent

Collecting users’ LLM interaction and browsing data raises signif-
icant privacy concerns [36, 43]. To that end, Nissenbaum [23]’s
Contextual Integrity (CI) theory argues that privacy is not a static
state of secrecy but rather a set of norms in which data sharing is
contingent on the specific context, purpose, and method of collec-
tion. Recent work has argued for using Al to go beyond requesting
broad permissions upfront. In other words, the system adopts a pro-
gressive consent model in which users are asked to share contextual
browsing data only when it becomes relevant [32]. To support this,
the system should make the scope and purpose of data collection
and sharing explicit, allowing users to make deliberate, real-time
decisions about their data.

3.4 DG4: Study LLM Use in Natural
Environments

Many studies of LLM decision support rely on short tasks that
may not capture how users integrate LLM interactions and sugges-
tions into everyday activities. Research in in-the-wild HCI methods
suggests that studying technology in natural contexts can reveal
behaviors and outcomes that would not likely emerge in controlled
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environments [4]. The system, therefore, should operate unobtru-
sively in the background during users’ regular browsing activities
and trigger prompts only when relevant events occur. This approach
enables the study of LLM interaction and reflection over longer
periods as they naturally occur within users’ daily workflows.

4 The BITE System

Based on the above design goals, we developed BITE, a Chrome
extension for data collection and reflection that detects potentially
consequential LLM interactions and solicits staged user consent to
study downstream outcomes. In its current design, BITE does not
personalize, fine-tune, or update the underlying LLM, nor does it
determine which rating represents the “correct” preference. Instead,
it captures users’ evaluations at different moments and in different
contexts through a multi-stage interaction pipeline.

4.1 User Scenario

Consider Alice, a graduate student planning a summer trip. While
using ChatGPT, Alice asks for recommendations on affordable des-
tinations and receives suggestions for several cities. While Alice
is interacting with the LLM chatbot, BITE detects that the conver-
sation relates to the travel category, which is one of the decision
domains the system tracks. After the conversation ends, a small
pop-up appears (Fig 3) asking Alice to briefly rate her interaction
with the LLM. The pop-up includes questions on how useful, clear,
harmless, relevant, accurate, and trustworthy the interaction was
through a 5-point Likert scale and open-ended text response (details
in Appendix D).

After interacting with the LLM, Alice browses different booking
sites and books her travel itinerary. Alice then gets a booking con-
firmation through her email account. The extension detects that the
email content falls within the same travel category and is similar to
her previous LLM interaction. This triggers a follow-up reflection
prompt (Fig 4). The follow-up prompt asks Alice whether the earlier
LLM conversation influenced her decision and whether she would
rate the previous interaction any differently after taking action.

At this point, the extension also asks Alice if she would like
to share the browsing activity that occurred between the original
LLM interaction and the email event (Fig 4-A). The interface clearly
shows the time window and explains that the browsing data is
stored locally in her browser unless she consents to share it. Alice
can choose whether to share this information or keep it private.
If she consents, only the browsing history within the specified
time range is uploaded for research purposes. Through this staged
interaction, BITE captures Alice’s initial perception of the LLM
interaction, her subsequent real-world action, and her retrospec-
tive evaluation, while allowing her to retain control over which
contextual data is shared.

4.2 Key Features

Guided by the design goals described in Section 3, we implemented
several key features in BITE that enable temporally grounded
reflection on LLM interaction while preserving user agency and
minimizing disruption to everyday workflows (see Figure!2.
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Figure 2: Workflow of the BITE system. Following an LLM conversation, users provide an initial rating. The system classifies
the interaction and instantiates observers to track downstream actions. Upon detecting a relevant real-world outcome (e.g.,
via browsing or email signals), the system retrieves contextual data and prompts a follow-up rating, supporting longitudinal

analysis of alignment.

Topic Examples

shopping Product recommendations, what to buy, prices, deals, gifts, reviews, clothing/footwear/fashion
job_career Job applications, resume/cover letter help, career advice, grad school applications, interviews
travel Trip planning, destinations, flights, hotels, itineraries, travel recommendations

homework Homework help, assignment support, tutoring, studying, exam prep

email_drafting Drafting emails, composing messages, professional correspondence

relationship Personal relationship advice, dating, family, friendship, interpersonal issues

restaurant Restaurant recommendations, dining suggestions, reservations, food spots

fitness Exercise, workout plans, nutrition for fitness, health routines

productivity Time management, organization, task management, productivity tips

Table 1: Tracked topic categories used for event-triggered reflection prompts.

4.2.1 Event-Triggered Reflection Prompts. To support tempo-
rally grounded preference elicitation (DG1) while avoiding unnec-
essary interruptions (DG2), BITE uses an event-driven mechanism
that activates only when an LLM interaction is likely to lead to
downstream action. This design is informed by Dewey’s distinction
between ordinary, immediate judgment and reflective thought. For
Dewey, reflection becomes especially important when a situation
involves uncertainty and when the consequences of an initial judg-
ment are not yet fully known [8]. BITE does not treat every LLM
interaction as equally consequential, rather it identifies interac-
tions for which later action may provide additional grounds for
reassessment.

We determine that an LLM interaction is likely to lead to action
using a set of predefined topics shortlisted by the researchers (Ta-
ble 1). When the user is interacting with the LLM, BITE prompts
a locally deployed Meta Llama model (Prompt in Appendix B) to
categorize the conversation into one of the nine tracked topics. The
tracked topics are not intended to be exhaustive, but instead provide
a proof-of-concept set of domains in which an LLM response may
shape a subsequent decision or action. Additional topics could be
incorporated as the system scales.

While the user is interacting with the LLM, BITE prompts a
locally deployed Meta Llama model to categorize the conversation
into one of nine tracked topics established in the current imple-
mentation. If a conversation is classified into one of these topics,
the system displays an initial appraisal prompt through a pop-up

on the user’s screen (Fig. 3). The pop-up asks users to rate the use-
fulness, trustworthiness, accuracy, and perceived relevance of the
LLM response. Users may dismiss, minimize, or ignore the prompt
without penalty, allowing participation to remain user-initiated
rather than mandatory.

This initial prompt is not intended to constitute reflection in
the full Deweyan sense. Instead, it captures the user’s provisional
evaluation at the moment of interaction, before the consequences
of acting on the response are known. Anchoring this appraisal to
the original interaction provides a contemporaneous record against
which later judgments can be compared. The event-triggered de-
sign also reduces unnecessary prompting during low-consequence
interactions while prioritizing situations in which subsequent ex-
perience may provide meaningful grounds for reconsideration.

4.2.2 Outcome-Aware Follow-Up Reflection. To capture ret-
rospective reflection after users have acted on LLM interaction
(DG4), BITE detects potential downstream actions that occur after
the initial interaction. As a proof-of-concept implementation, the
current system uses Gmail activity as a proxy for an event that may
relate to a prior LLM interaction, rather than as evidence that a
particular action occurred, produced a consequence, or was caused
by the LLM interaction.

BITE uses a two-step process to determine whether a follow-
up reflection prompt should be shown. Email topics are collected
through a Gmail content script from the rendered message view in
the active browser tab. We currently support Gmail because these
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Figure 3: In-situ rating interface for immediate feedback.
After an LLM response, users provide a one-shot evaluation of
helpfulness, accuracy, relevance, trust, and other dimensions,
capturing judgments at the time of interaction.

DOM selectors were implemented and validated against Gmail’s
interface; extending to other providers would require provider-
specific DOM mapping and re-validation of extraction reliability.
First, the system applies the same topic classification pipeline used
during the initial interaction to determine whether the current
email belongs to one of the tracked decision domains. Only emails
classified into a tracked topic are considered candidate downstream
events. Second, for candidate emails, the system compares the email
content with previously recorded LLM interactions on the same
topic using lexical overlap. Specifically, we compute the Jaccard
similarity between the tokenized word sets of the email text and the
earlier LLM interaction content. This produces a similarity score
between 0 and 1, where higher values indicate greater semantic
overlap. We selected Jaccard similarity as a lightweight on-device
matching heuristic that supports local on-browser computation.
If the similarity score exceeds 0.5, BITE interprets the email as a
likely follow-through action related to the earlier interaction and
triggers a delayed follow-up reflection prompt.

4.2.3 Progressive Consent for Contextual Data Sharing. To
support understanding how users move from an initial LLM inter-
action to a committed downstream action while preserving privacy
(DG3), BITE adopts a progressive consent mechanism for sharing
contextual browsing data. Rather than requesting broad access to
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users’ browsing history upfront, the system stores browsing activity
locally on the device and defers data-sharing decisions until con-
textual information becomes relevant to a specific follow-up event.
The locally retained trace includes visited domains, timestamps,
and page titles.

During the follow-up reflection stage, BITE presents the user
with the bounded time window between the original LLM interac-
tion and the detected downstream email event. At this point, users
are asked whether they consent to sharing their browsing activity
for this specific interval, only for relevant domains associated with
the event. This event-bound consent model ensures that data shar-
ing is limited in scope, temporally bounded, and directly tied to
an explicitly communicated purpose. This aligns with principles of
contextual integrity [23] by allowing users to make situated privacy
decisions when the relevance of the requested data is clear. Users
retain full control to approve or decline sharing on a per-event
basis.

4.3 Implementation

BITE is implemented as a Chrome browser extension using Mani-
fest V3. The system consists of a background service worker, con-
tent scripts injected into supported web applications (e.g., LLM
interfaces and Gmail), and lightweight pop-up interfaces for user
reflection prompts. Content scripts monitor DOM events such as
prompt submission, response rendering, and email composition,
and serialize relevant interaction data into structured event objects.
BITE was implemented to work with three LLM-chatbot interfaces
including OpenAI’s ChatGPT!, Claude?, and Google Gemini®, DOM
structure. The extension uses predefined selectors for message-
thread containers and extracts only text from those targeted nodes
in the currently loaded view.

These events are passed to the background service worker through
Chrome’s runtime messaging APIs, where the system coordinates
domain classification, event matching, and local browsing trace
management. For on-device inference, we use a locally deployed
Meta Llama3.1 70B model to perform topic classification and gen-
erate summaries of contextually relevant browsing events in the
backend.

5 Evaluation

We conducted a deployment study* to evaluate whether BITE
can effectively capture temporally separated reflections on LLM
interaction while preserving user understanding and control over
data sharing. We ask the following research questions:

e RQ1: How do participants’ evaluations of LLM responses
change between immediate interaction-time judgments and
later reflections?

e RQ2: What factors drive changes in participants’ evaluations
over time?

Uhttps://chatgpt.com/

https://claude.ai/

3https://gemini.google.com/

“4The study protocol has been reviewed and approved by the IRB at our institution.
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Figure 4: Follow-up rating interface triggered by a real-world event. When a relevant outcome is detected (e.g., an email related
to a prior LLM-assisted decision), the system surfaces the original prompt and response, summarizes related user activity, and

elicits a delayed evaluation.

How often do you

Education . How often do you How long have you How much do you trust
PID  Gender Age Level Occupation use LLMs? been usiﬁg LLMs? rely on LLM,S .when advice generated by LLMs?
making decisions?
P1 Female  25-34 Bachelor’s PhD Student Multiple times per day ~ More than 2 years Rarely Neutral
P2  Male 18-24 Bachelor’s PhD Student About once per day More than 2 years Sometimes Mostly trust
P3 Female  25-34 Bachelor’s Realtor Multiple times per day ~ 1-2 years Often Mostly trust
P4  Male 18-24 Master’s Teaching Assistant Several times per week 1-2 years Often Mostly trust
P5 Female 18-24 Some College Student About once per day 1-2 years Rarely Neutral
P6  Female 18-24 Bachelor’s Student About once per day 1-2 years Sometimes Mostly distrust
P7 Female  25-34 Bachelor’s IT consultant Multiple times per day ~ More than 2 years Very Often Completely trust
P8  Female 18-24 Bachelor’s Student Several times per day ~ 1-2 years Sometimes Mostly trust

Table 2: Study Participant Demographics

5.1 Study Design

We conducted a two-week-long longitudinal deployment study in
which participants installed the BITE Chrome extension and used
it during their everyday interactions with LLM systems. The exten-
sion ran in the background and triggered prompts when relevant
events occurred, including LLM conversations in tracked domains
and subsequent email activity.

During the study, participants encountered an immediate reflec-
tion prompt following a detected LLM interaction and a follow-up
reflection prompt triggered when the system detected a downstream
email event within the same domain category. During the follow-up
stage, participants were also asked whether they consented to share
browsing activity within the bounded time window between the
two events.

5.2 Participants

We recruited participants through social media postings. We tar-
geted participants who regularly use LLM tools for their everyday
tasks. During prescreening, we confirmed eligibility criteria re-
quired by the deployment setup. Participants had to be at least
18 years old, use a personal computer with Chrome as their pri-
mary browser, and actively use Gmail, since downstream follow-up
detection is triggered from Gmail activity.

The final sample included eight participants with varied back-
grounds (Table 2). Participants installed the browser extension on
their personal computers and used it during their normal workflows
for the duration of the study.
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5.3 Procedure

Each participant completed a structured onboarding session on
Zoom before the deployment began. During onboarding, the re-
search coordinator introduced the study goals, confirmed that par-
ticipants were working on a personal computer with a Chrome
browser, and administered a prescreening survey. Following that,
the participants were provided a live demo of the extension (or
an equivalent slide-based walkthrough), reviewed the informed
consent document, and installed the BITE extension.

After onboarding, participants used BITE for two weeks in their
normal routines. The extension logged eligible LLM interactions
and prompted in-situ ratings, followed by downstream reflection
prompts when related events were detected. In parallel, participants
completed a daily diary survey that asked them to review the exten-
sion’s recent-activity summary, report what they used an LLM for
that day, and report their perceived trust, reliance, and satisfaction
with BITE. Participants were compensated with a base payment of
40 USD, with performance-based bonuses for consistent check-ins,
and substantive free-response completion up to a total cap of 100
USD.

5.4 Analysis

To evaluate the effectiveness of the approach and BITE, we an-
alyzed both system-level metrics and participants’ subjective re-
sponses. For quantitative analysis, we measured topic coverage
across domains and compared immediate versus follow-up rat-
ings to assess changes in participants’ evaluations over time. To
characterize directional update patterns, we also computed a Di-
rectional Asymmetry Index (DAI) for each dimension, defined as
DAI = (Nyp = Ngown)/(Nup + Ngown), where Ny, and Nyo.yp are
the counts of upward and downward rating revisions between im-
mediate and follow-up judgments. A positive DAI indicates more
upward than downward revisions, a negative DAI indicates the
reverse, and values near zero indicate no clear directional tendency.
For qualitative analysis, we conducted a thematic analysis of inter-
view data. Two researchers first independently coded two interview
transcripts, compared code assignments iteratively, and resolved
disagreements through discussion to establish a shared codebook.
One researcher then applied the finalized codebook to the remain-
ing transcripts. The resulting codes were synthesized into themes
about participants’ experiences with reflection, decision revision,
and privacy and consent preferences while using BITE.

5.5 Findings
Across the two-week deployment, BITE captured 182 LLM conver-
sations from eight participants. Out of the 182 conversations, 71 had
both initial and follow-up ratings. Follow-up evaluations occurred
an average of 44.0 hours after the initial evaluation (SD = 11.9;
median = 47.9 hours). The collected interactions were concen-
trated in a subset of everyday-use domains, with homework and
assignment-related use comprising most captured events (69%),
followed by shopping (9.6%), productivity (7%), and travel (5.8%).
Other categories, such as relationship, job_career, and fitness, were
less frequent.

We first examine where immediate and follow-up evaluations
diverged quantitatively. We then use participants’ accounts and
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behavioral traces to explain why those revisions occurred. Our
qualitative analysis identified outcome-driven revision, verification-
driven revision, and context-reconstruction revision as reasons for
our participants change in their ratings.

5.5.1 Where did reassessment occur? For each paired evaluation,
we calculated the difference between the follow-up and immediate
rating:

A = followUpRating — initialRating (1)

Positive delta values indicate that a rating increased at follow-up,
while negative values indicate that it decreased. For harmfulness, a
positive value indicates that the response was perceived as more
harmful at follow-up. As shown in Table 3, the frequency and
direction of reassessment varied across dimensions. Relevance was
reconsidered most frequently, with revisions occurring in both
directions, whereas changes in trust, accuracy, and clarity were
predominantly downward.

Trust exhibited the clearest evidence of a systematic change.
Among evaluations in which trust changed, most revisions reflected
lower trust at follow-up (DAI = —0.60), and trust was the only di-
mension for which the difference between immediate and follow-up
ratings reached statistical significance (p = .045). Relevance also
changed frequently and was, on average, evaluated less favorably
at follow-up, although its revisions were more heterogeneous and
the aggregate difference was not statistically significant. Compared
to the other dimensions harmfulness was revised less frequently
and remained comparatively stable overall. However, of the limited
observed harmfulness revision indicated greater perceived harm
at follow-up. In this study, we observe that delayed reassessment
was concentrated in particular interactions and dimensions, with
trust providing the strongest quantitative evidence of a directional
shift. Given the small, exploratory nature of our data, we interpret
these quantitative patterns cautiously and draw on the qualita-
tive findings below to contextualize what may have contributed to
participants’ revisions.

5.5.2  Why did participants revise their ratings? In follow-up in-
terviews, we found that preference shifts were driven by both im-
mediate, outcome-based feedback and delayed, context-driven re-
minders. Immediate triggers occurred when participants executed
LLM-generated code, tested ideas brainstormed with an LLM, or
otherwise observed direct task outcomes shortly after interacting
with the LLM. These triggers were often incidental, where par-
ticipants revisited earlier advice after related conversations, Slack
messages, or external reading prompted reconsideration of prior
responses.

Outcome-driven revision. Outcome-driven revisions occurred
when participants changed their evaluation after attempting an
LLM recommendation or observing its consequences. Participants
described how the practical value of an LLM response sometimes
became apparent only after they attempted to use it. In these cases,
downstream experience provided evaluative evidence that was un-
available when the response was initially generated.

These cases included executing LLM-generated code (P4), test-
ing brainstormed ideas (P7), and using suggested recipes (P1). P1
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Dimension # of changed ratings Increased ratings Decreased ratings Mean A DAI  Wilcoxon p
Relevance 54 18 36 -0.32 -0.33 =1

Trust 40 8 32 -0.38 -0.60 .045
Accuracy 23 3 20 -0.28 -0.74 >.1

Clarity 29 0 29 -0.75 -1.00 .068
Harmfulness 15 15 0 0.21 1.00 .083

Table 3: Frequency, direction, and magnitude of changes between participants’ initial and follow-up evaluations. (A =
followUpRating — initialRating) across evaluation dimensions. negative values indicate lower follow-up ratings and positive

values indicate higher follow-up ratings.

illustrated this through an LLM-generated recipe. Although the re-
sponse initially appeared useful, following it exposed limitations in
its clarity and practical utility. P1 “did need a little help from YouTube’
because parts of the response were confusing and ultimately found
that “the meal was not as much as I expected.” While this specific
interaction was not among the conversations rated through BITE,
it illustrates how an initially plausible response could receive a less
favorable assessment after use.

Outcome-based evaluation did not necessarily lead participants
to reject the entire response. P2 partially acted on an LLM-generated
travel itinerary, using its recommendations to identify attractions
and hotels while modifying the proposed schedule and consulting
other services. P2 explained, ‘T did act on it, mostly, like, not the en-
tirety of it,” describing the itinerary as useful for narrowing options
but less dependable for time-sensitive information such as hotel
prices.

3

Verification-driven revision. Participants also described recon-
sidering LLM responses after consulting other models, websites,
applications, or people. Verification could challenge an initial eval-
uation, reinforce it, or leave the participant uncertain.

P3 provided the clearest example of a downward reassessment.
P3 had relied on ChatGPT’s description of a workplace policy and
communicated it confidently over email to colleagues: ‘T was saying
it, like, 100%, because I was sure of the source.” A colleague sub-
sequently explained that the policy had been repealed, which P3
confirmed through another source and identified as a case of revised
rating. P1 described a more routine form of corroboration when
using LLM recommendations for travel and restaurants. Rather
than relying on the generated response alone, P1 moved between
ChatGPT, Google Maps, and a hotel-points application to compare
ratings, locations, prices, and available options. In this case, exter-
nal sources supplemented the LLM response and helped determine
which recommendations were actionable.

Context reconstruction. Participants’ accounts also suggest that
reassessment depended on their ability to reconstruct the original
interaction. Specifically, what they had asked, which parts of the
answer they used, and what happened afterward. Prompts, evalua-
tion criteria, and retained conversation history provided different
forms of support for this reconstruction. P1 described the study
questions as prompting a broader reconsideration of LLM feedback.
In particular, the repeated surveys made P1 more conscious of the
LLM’s tendency to respond in an overly affirming manner. This
reflection led P1 to adopt a more critical stance toward apparently

Daily Check-in Trends Across Check-in Timepoints
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Figure 5: Average daily check-in scores across observed check-
in timepoints. Influence reflects how much participants felt
the LLM affected their thinking, agreement reflects how
much they agreed with the LLM response, and action reflects
whether they acted on the recommendation.

supportive responses and conclude that they “shouldn’t take every
feedback too high.”

During the daily check-ins and follow-up interviews, partici-
pants reported mixed effects of the system on their own reflection.
Some participants noted increased awareness (e.g., ‘It made me more
aware of my Al use” (P8)), while others reported minimal impact
(“Nothing too thought provoking today” (P2), suggesting that reflec-
tion is not uniformly triggered across interactions. Participants
also noted challenges in reflecting during iterative interactions.
For example, one participant stated, “If I do my discussion loop, it’s
hard to reflect,” (P3). Most participants reported minimal concerns
regarding data collection. However, a small number of responses
indicated context-dependent sensitivity (e.g., “this research was a
bit personal” (P7)), highlighting some potential variability based on
the task at hand. It is also worth noting that, in some cases, partici-
pants reported that their LLM interactions occurred through mobile
applications, suggesting potential gaps in coverage and challenges
in capturing all relevant usage contexts.

To complement our immediate and follow-up rating analyses,
we examined participants’ daily check-in responses over the two-
week deployment (Figure 5). Across the check-ins, agreement with
LLM responses and reported action-taking remained consistently
high, while perceived influence on participants’ thinking exhibited
greater temporal variability. Notably, agreement and downstream
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action remained elevated even at time points when perceived in-
fluence declined. For example, while influence ratings dropped at
several later check-ins, participants continued to report relatively
high agreement with responses and continued acting on recom-
mendations.

5.5.3 Browsing Traces as Supplemental Context. Beyond changes
in ratings, the collected browsing traces helped contextualize how
participants moved from an initial LLM interaction to downstream
action. In cases where participants consented to share bounded
browsing activity, the traces surfaced possible comparison or veri-
fication activities.

The collected browsing activity showed iterative comparison and
verification behaviors, such as revisiting multiple pages, consulting
external sources, or moving across booking websites before acting
on an LLM recommendation. These traces helped contextualize why
follow-up ratings sometimes diverged from participants’ initial
judgments. For instance, after discussing a school project with
the LLM, P4 subsequently consulted several papers on arXiv and
materials in Google Docs before revisiting their evaluation. In the
follow-up rating, P4 noted, ‘I think with more time to sit with it, I have
been able to reflect on its accuracy.” P4 then revised the relevance
and accuracy score from very relevant to extremely relevant.

Participants also described this contextual information as use-
ful for reconstructing their own reasoning process. The browsing
traces served as memory cues, helping them reflect on the informa-
tion they consulted, the alternatives they considered, and where
their understanding shifted over time. This suggests that behavioral
context can complement delayed preference elicitation by function-
ing as contextual reminders during follow-up reflection. At the
same time, participants highlighted the importance of granular con-
trol over what contextual data is shared. While most participants
reported feeling comfortable with the consent mechanism, three
participants expressed a desire for finer-grained sharing controls,
such as selectively approving specific URLs. As one participant
noted, they would “want to share some of these URLs” (P1), while
another suggested that consent “can be domain specific” (P7).

6 Discussion

In this paper, we examined a method for eliciting user preference
on LLM interaction over time, rather than only at the moment
of output consumption. Across our deployment, we found that
participants’ immediate assessments and later reflections did not
often align. This suggests that one-time ratings can miss meaningful
changes in judgment that emerge after downstream action. We
discuss implications for long-horizon alignment and evaluation,
multi-source data collection, and consent-centered design.

6.1 Long Horizon Alignment

Our findings suggest that human-Al alignment should be evaluated
as a temporal process. Immediate ratings remain useful for captur-
ing first impressions, but they provide only a partial view of whether
model guidance remains appropriate once participants act on that
guidance in everyday settings [29]. In our data, later reflections
sometimes revised earlier judgments, indicating that temporally
separated feedback can reveal misalignments that would be diffi-
cult to detect in single-session evaluations. Methodologically, this
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motivates complementing interaction-time measures with struc-
tured follow-up prompts tied to downstream events [4, 7]. This does
not replace existing evaluation practices; rather, it extends them
by adding a longitudinal lens that better aligns with real-world
decision trajectories.

The study also suggests that current LLM evaluation approaches
provide an incomplete view of user preferences. Across our de-
ployment study, participants frequently revised their initial ratings
after acting on LLM responses, especially across dimensions such
as accuracy and relevance. This indicates that immediate feedback
may systematically overestimate model performance by reward-
ing surface-level qualities, such as fluency and coherence, that are
more salient at the moment of generation but do not fully reflect
downstream utility.

Lastly, our results motivate the need for evaluation frameworks
that incorporate temporally grounded signals. Rather than treating
preferences as a static label, LLM evaluation frameworks should ac-
count for how preferences and judgments evolve as users integrate
model outputs into real-world contexts. Concretely, this suggests
augmenting existing benchmarks with delayed or outcome-aware
measures, such as follow-up ratings tied to downstream actions,
or trajectory-based evaluations that capture how users revise their
decisions over time.

6.2 Designing for Reflection-in-Action in
Human-AI Alignment

Our design implications align with prior work in reflective inter-
action design, where systems are built not only to support task
completion but also to support users’ reinterpretation of their own
activity over time [29]. In this framing, immediate prompts function
as reflection-in-action checkpoints, while delayed prompts support
reflection-on-action after consequences become visible [22].

This interpretation also aligns with sensemaking of interaction,
where users reinterpret earlier actions as new evidence emerges,
rather than judging outputs as isolated artifacts. For alignment-
oriented interface design, the implication is to treat preference
elicitation as staged and situated to capture initial judgments in
context, then provide lightweight re-entry points that help users
connect outputs to downstream events.

This design positions alignment as an ongoing human-AlI pro-
cess rather than a one-time annotation event. More explicitly, this
reflects a bi-directional view of alignment, where adaptation oc-
curs in both directions [31]. The LLMs may update based on user
feedback and evolving judgments, while users themselves refine,
reinterpret, and sometimes reconstruct their own preferences as
they experience downstream consequences of Al-supported deci-
sions. Rather than assuming that users hold stable preferences that
can simply be extracted and optimized, our findings suggest that
alignment emerges through mutual adaptation between human and
system over time.

6.3 Privacy-Aware Alignment Data Collection

Collecting temporally grounded alignment signals requires access
to behavioral context, such as the actions users take after inter-
acting with an LLM. However, such data is inherently sensitive,
raising important privacy concerns. Our findings suggest that users’
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willingness to share contextual data is not fixed, but contingent on
how, when, and why the data is requested.

The progressive consent model implemented in BITE allowed
users to make context-specific decisions about data sharing when
the relevance of that data became clear. Rather than granting broad
permissions upfront, participants were asked to share bounded
browsing activity only in relation to a specific LLM interaction and
its downstream outcome. This approach aligns with theories of
contextual integrity [23], in which privacy expectations depend on
the appropriateness of information flow within a given context.

Participants’ responses indicate that such contextualized con-
sent mechanisms can support a balance between data utility and
user control. Users were more willing to share data when they
understood its purpose and scope, and when it was clearly tied to
a meaningful event. These findings suggest that future alignment
data collection systems should move beyond static, one-time con-
sent toward more dynamic, event-driven models that preserve user
agency while enabling richer, longitudinal analysis.

7 Limitations and Future Work

Our study is subject to several limitations that point to important
directions for future work. First, our deployment spans a two-week
period, which limits the types of downstream outcomes we can ob-
serve. While this duration was sufficient to capture short-term pref-
erence revisions and immediate follow-through behaviors, many
consequential decisions unfold over longer time horizons (e.g., ca-
reer decisions, financial commitments, or long-term planning). As a
result, our findings likely under-represent slower, more cumulative
forms of preference change. Future work should explore longer-
term deployments to examine how alignment judgments evolve
over weeks or months, and whether early impressions continue to
diverge from later evaluations over extended periods.

Second, our system relies on Gmail-based event detection as
a proxy for downstream action. While we use this as a practical
mechanism to link LLM interactions to real-world outcomes, it
captures only a subset of user behaviors. Many downstream actions
that may be taken in person, take longer than the two-week span,
or abandoned may not be observable through our current approach.
Consequently, we acknowledge that our measurement of “actions
taken” is incomplete. Future work could expand beyond email-based
signals to incorporate additional sources of contextual evidence,
such as cross-application activity, user-initiated annotations, or
integration with other platforms, while continuing to prioritize
user control and privacy.

Our participant sample is relatively small and skewed toward
frequent LLM users. Participants who are already familiar with LLM
systems may exhibit different reflection patterns, trust dynamics,
and usage behaviors compared to less experienced or more skepti-
cal users. Future studies should include more diverse populations,
including non-expert users and domain-specific professionals, to
better understand how longitudinal alignment manifests across
different user groups and contexts. Additionally, while our study
captures both immediate and delayed self-reported preferences, it
does not directly measure objective task outcomes or long-term
success. As such, we cannot fully disentangle whether preference re-
visions reflect improved judgment accuracy, changing expectations,
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or hindsight bias. Future work could combine subjective reflection
with objective outcome measures to better understand how user
perceptions align with actual performance over time.

Finally, our event-matching pipeline relies on topic classification
and lexical overlap, which may miss semantically related events
with low word overlap or incorrectly match events that share vo-
cabulary but differ in intent. Future work could explore more robust
local embedding-based matching while preserving privacy.

While BITE is designed as a data-collection tool, it may also
influence user behavior and reflection practices, creating social
desirability bias [15]. The presence of prompts and the awareness
of being studied may encourage participants to engage in more
deliberate or critical evaluation than they otherwise would. This
raises broader questions about how measurement interventions
shape the phenomena they aim to observe. Future work could
investigate how different prompting strategies affect user behavior,
and explore more lightweight or passive approaches to capturing
longitudinal alignment signals.

8 Conclusion

In this work, we argue that human-LLM alignment should be under-
stood not as a static judgment but as a temporal process unfolding
through interaction, action, and reflection. We introduce BITE,
a browser extension that captures both immediate and delayed
user evaluations by combining in-situ prompts, outcome-aware
follow-up reflection, and privacy-preserving behavioral context. In
a two-week proof-of-concept deployment study, we found that par-
ticipants’ initial assessments of LLM outputs often diverged from
their later reflections after taking downstream action. Our findings
highlight potential limitations of single-instance preference signals
and suggest the need for longitudinal, context-sensitive approaches
to alignment evaluation.
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A Additional Extension Screenshots

LLM Preference Collection LLM Preference Collection LLM Preference Collection

Stored locally Stored locally

Stored locally

Onboarding Ratings Settings Onboardin Ratings
Onboarding Ratings Settings 9 g g

Welcome to the study Extension status
. Rating history Temporarily pause or resume all tracking and in-
Please enter the session ID you see below
page prompts for this extension
on your study checkins. Clear history
Pause extension
Session ID
Tracking deny list
Prompt
8e09eff2-c897-40c8-baf5- o R N
Copy You said what winter coat should | buy Sites listed here will not be tracked. Add a hostname
fb784a76f7at1 or domain (e.g. facebook.com or
Response mail.google.com)
Gemini said You stopped this response
Category example.corr
shopping
www.x.com Remove

Best Everyday City Wear

Best Overall / Premium Performance

Figure 6: Screenshots of the Chrome extension used for longitudinal alignment data collection. (A) Onboarding interface where
users register their session ID. (B) Ratings history view showing captured LLM prompts, responses, and inferred categories. (C)
Settings panel providing user controls for pausing data collection and specifying websites to exclude from tracking.

B Topic Classification Prompt

Prompt used for LLM-based Topic Classification

You classify the conversation into exactly ONE category. Choose the single best match. If none match return other.
Follow the following definitions.

shopping: product recommendations, what to buy, prices, deals, gifts, reviews, clothing/footwear/fashion
job_career: job applications, resume/cover letter help, career advice, grad school applications, interviews
travel: trip planning, destinations, conversation about flights, hotels, itineraries, travel recommendations
homework: homework help, assignment support, tutoring, studying, exam prep

email_drafting: drafting emails, composing messages, professional correspondence

relationship: personal relationship advice, dating, family, friendship, interpersonal issues

restaurant: restaurant recommendations, dining suggestions, reservations, food spots

fitness: exercise, workout plans, nutrition for fitness, health routines

productivity: time management, organization, task management, productivity tips

other: none of the above (coding, creative writing, general knowledge, etc.)

Respond with exactly two lines:

Line 1: The category (one word, lowercase, e.g. shopping, job_career, travel, homework, email_drafting,
relationship, restaurant, fitness, productivity, or other)

Line 2: A brief one sentence reason.

C Technical Evaluation

We conducted a technical evaluation of the domain classification prompt used to detect whether a user’s interaction belongs to one of
the tracked categories supported by our system. To assess classification performance, we benchmarked the prompt on the public dataset
everyday-conversations-llama3.1-2k [11]. The dataset contains 2380 simple multi-turn conversations spanning diverse everyday topics and
subtopics. We sampled 200 data points for this evaluation.
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Model  Version Accuracy

GPT-40 gpt-40-mini-2024-07-18 .84
GPT-5  gpt-5-2025-08-07 81
Llama llama3.1:70b 77

Table 4: Topic classification performance across different models

We then ran the exact same classification prompt described in Section B using a locally hosted Llama 3 model and an API call to OpenAl
GPT models. For each conversation, the model was given the user query and required to output exactly one category label. Accuracy was
computed as the proportion of conversations for which the predicted category matched the mapped ground-truth label. Table 4 reports the
topic classification accuracy across the three evaluated models. Overall, all models achieved reasonably strong performance on the held-out
evaluation set, with accuracies ranging from 0.77 to 0.84. GPT-40-mini achieved the highest accuracy (0.84), followed by GPT-5 (0.81) and
the locally hosted L1ama 3.1 7@B model (0.77). Overall, the results indicate that the prompt produced stable classification performance
across different model backends.

D Post-Interaction Response Evaluation Questionnaire
Participants were asked to rate each response using the following items on a 5-point Likert scale (1 = Not at all, 5 = Extremely).

(1) Was the response helpful?

(2) How accurate did you find the information provided in the response?
(3) How relevant was the response to your specific needs?

(4) To what extent do you trust the advice or data given?

(5) Was the response easy to understand and follow?

(6) How harmful was the response?
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