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Abstract

Alignment methods in moral domains seek to elicit moral pref-
erences of human stakeholders and incorporate them into AI.
This presupposes moral preferences as static targets, but such
preferences often evolve over time. Proper alignment of AI to
dynamic human preferences should ideally account for “legit-
imate” changes to moral reasoning, while ignoring changes
related to attention deficits, cognitive biases, or other arbitrary
factors. However, common AI alignment approaches largely
neglect temporal changes in preferences, posing serious chal-
lenges to proper alignment, especially in high-stakes applica-
tions of AI, e.g., in healthcare domains, where misalignment
can jeopardize the trustworthiness of the system and yield se-
rious individual and societal harms. This work investigates the
extent to which people’s moral preferences change over time,
and the impact of such changes on AI alignment. Our study is
grounded in the kidney allocation domain, where we elicit re-
sponses to pairwise comparisons of hypothetical kidney trans-
plant patients from over 400 participants across 3–5 sessions.
We find that, on average, participants change their response to
the same scenario presented at different times around 6–20%
of the time (exhibiting “response instability”). Additionally,
we observe significant shifts in several participants’ retrofitted
decision-making models over time (capturing “model instabil-
ity”). Predictive performance of simple AI models decreases
as a function of both response and model instability. Moreover,
predictive performance diminishes over time, highlighting the
importance of accounting for temporal changes in preferences
during training. These findings raise fundamental normative
and technical challenges relevant to AI alignment, highlight-
ing the need to better understand the object of alignment (what
to align to) when user preferences change significantly over
time, including the mechanisms underlying these changes.

Data — https://github.com/vijaykeswani/Preference-Instability
Extended version — https://arxiv.org/abs/2511.10032

1 Introduction
Alignment of modern AI systems to human preferences has
emerged as a cornerstone of the current pursuit of responsible,
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ethical, and safe AI. Various failure modes of AI — such as
biased behavior (Santurkar et al. 2023), reward hacking (Pan,
Bhatia, and Steinhardt 2022), and even existential threats
(Shevlane et al. 2023) — have been framed as stemming
from misalignment between AI’s goals and the values and
preferences of its stakeholders. As a result, the field of AI
alignment aspires to address these issues by ensuring that
AI outputs are guided (and often constrained) by user and
societal preferences (Ji et al. 2023). The advertised applica-
bility of this approach in encoding subjective preferences
in AI systems has also led to its proposed usage in moral
domains (Kim et al. 2018; Noothigattu et al. 2018; Johnston
et al. 2023; Tennant, Hailes, and Musolesi 2024). Since moral
dilemmas are bound to arise in several consequential applica-
tions of AI — e.g., designing equitable healthcare resource
allocation policies (Sinnott-Armstrong and Skorburg 2021)
or characterizing autonomous vehicle behavior (Awad et al.
2018) — aligning the AI to the moral preferences of the user
or the aggregated preferences of a community provides a
pathway towards encoding ethical values in AI’s behavior.

The standard approach to building morally-aligned AI in-
volves a one-time elicitation of moral preferences from users
(Awad et al. 2018; Freedman et al. 2020; Johnston et al.
2023). Yet, human preferences are dynamic, evolving over
time and across contexts (Tversky and Kahneman 1981). Cog-
nitive processes underlying moral judgments also fluctuate,
reflecting shifted values, updated moral reasoning in light
of new information, or even alterations in time-on-task and
cognitive capacity (Amir and Levav 2008; Warren, McGraw,
and Van Boven 2011; Jia, Lin, and Wang 2022). However,
much of the existing work in AI moral alignment neglects
temporal changes to moral preferences of stakeholders, the
consequences of which can be severe in real-world applica-
tions (Dung 2023). The possibility of negative impacts of
temporal misalignment, along with the increased use of AI
for moral decision-making, has led to several recent calls for
real-world data collection to assess the impact of preference
changes on AI alignment (Yeh et al. 2025; Boerstler et al.
2024; Carroll et al. 2024). Our work answers this call with a
data-driven investigation into dynamic moral preferences.
Our Contributions. We investigate AI alignment challenges
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associated with temporal changes in moral preferences. Our
work examines moral preferences related to kidney trans-
plant allocation, where AI helps support kidney exchanges
(Abraham, Blum, and Sandholm 2007), improve efficiency
(Schwantes and Axelrod 2021), and align decisions with
stakeholder preferences (Freedman et al. 2020). Simulating a
setting where kidney patients outnumber available kidneys,
each participant in our study is presented with several pair-
wise comparisons of hypothetical kidney patients and asked
to choose who should receive the kidney if only one is avail-
able. In this morally high-stakes domain, we elicit preferences
of more than 400 survey participants over three to five ses-
sions, spanning up to two weeks. In each session, participants
are presented with 60 comparisons, with six comparisons
repeated across all sessions and twice per session (Section 3).

Participants’ responses to the repeated scenario allow us
to measure their “response instability,” i.e., how often they
change their response to the same scenario repeated at dif-
ferent times/during different sessions. We observed that re-
sponse instability, on average, varies from 6–20%, with sig-
nificantly higher instability for scenarios that were relatively
more challenging (i.e., containing tradeoffs across several
morally-relevant factors; Section 4.1). We also investigate the
extent to which participants seem to change their decision-
making processes over time. Evaluation of agreement be-
tween models learned from participants’ session-wise re-
sponses shows that the overlap between predictions from
session-wise models decreases with time; we call this phe-
nomenon “model instability” (Section 4.2). To understand
the reasons for changing preferences, we categorize partic-
ipants by their response stability and model stability levels,
and study variations in decision-making properties across
participant categories. We provide evidence that different par-
ticipants exhibit different mechanisms of preference change
(Section 5). For some, preference change arises from a re-
duction in model complexity (e.g., reducing the number of
factors they account for in making their decisions) over time.
For others, instability reflects stochastic changes in their de-
cision processes (which may be due to morally arbitrary
factors, such as attention, time of day, and beyond). Crucially,
different mechanisms underlying the change in preferences
prescribe different approaches to AI alignment. While it is
essential for alignment methods to identify and capture le-
gitimate changes to moral preferences of stakeholders (e.g.,
those resulting from participants’ judgment evolving with
more exposure and reflection), morally arbitrary changes,
such as noisy responses due to fatigue and attention fluctua-
tions, should not impact alignment.

To assess the impact of preference change on AI alignment,
we train preference optimization models on participant- and
population-level data. We observe a significant association
between temporal instability and the trained model’s predic-
tive error rate (Section 5). For participants who exhibited
high levels of response and model instability, predictive error
rate was higher by 5-16%, in comparison to those who were
response and model stable. Additionally, a temporal analysis
shows that error rates of trained models increase over time
for participants who were response and model unstable.

Overall, our study highlights several challenges and oppor-

tunities for AI alignment. Our findings emphasize a promi-
nent normative challenge that needs to be tackled by AI align-
ment methods: When human moral preferences change over
time, with which should AI align? The earlier preference,
or the later one? Neither? Perhaps both, their average, or
something else entirely? The answer is nuanced, depending
on whether the change is arbitrary or involves adopting new
values. Additionally, our work demonstrates fundamental de-
ficiencies of choice-based preference alignment in decipher-
ing how and why people change their moral preferences, and
presents opportunities to build better methods that are cog-
nizant of the mechanisms of preference change (Section 6).

2 Related Work
Recent surges in AI use and associated risks have led to in-
creased research on AI alignment. We refer the reader to
Ji et al. (2023) and Shen et al. (2024) for an overview of
AI alignment methods. While these methods generally rely
on one-shot/episode collection of human feedback, human
preferences are dynamic and context-sensitive (Slovic 1995;
Zhi-Xuan et al. 2024). Some works have noted issues with as-
suming static preferences, such as conflicts between learned
and desired preferences (Carroll et al. 2024; Curmei et al.
2022; Kleinberg et al. 2024) and flattening of preference het-
erogeneity (Buyl et al. 2025). These theoretical challenges
motivate our empirical study of human preferences over time.
Temporal misalignment is especially pressing for preference
optimization methods that train models on fixed datasets of
human choices (Liu et al. 2025; Boerstler et al. 2024). Recent
studies highlight that models trained on such data generalize
poorly under distributional shift (Lin et al. 2024), and that ag-
gregating heterogeneous preferences can lead to inconsistent
performance (Shirali et al. 2025). Such findings cast doubt
on the reliability of one-shot preference elicitation.

A wide range of alignment research uses moral preference
datasets as foundational benchmarks. The Moral Machine
and ETHICS datasets, for example, have informed the de-
velopment of models for moral reasoning across various do-
mains (Noothigattu et al. 2018; Wiedeman, Wang, and Kruger
2020; Rodionov, Goertzel, and Goertzel 2023; Hendrycks
et al. 2023; Zaim Bin Ahmad and Takemoto 2025). Yet, AI
moral alignment methods often treat human preferences as
static, despite evidence from moral psychology showing oth-
erwise (Rehren and Sinnott-Armstrong 2023). Boerstler et al.
(2024) investigated the scale of instability in the kidney al-
location domain; however, their study had small participant
pools (fewer than 50) and limited analysis of impact of insta-
bility on AI alignment. Our study follows a similar design,
but with significantly more participants to better assess the
impact of temporal instabilities on alignment. The conse-
quences of misalignment can be much more severe in moral
AI domains. If people change their movie/music preferences
over time, a misaligned recommender AI would result in
unmet entertainment needs. In contrast, when someone has
one medical resource allocation policy one day but changes
it to create a more equitable policy on a later day, then mis-
alignment in this moral domain can be seen to be much more
consequential. Our work is motivated by the need to tackle
these potential consequences of temporal misalignment.
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3 Study Methodology
3.1 Data Collection
Participants were recruited using Qualtrics and asked to take
part in five sessions, with up to three days between sessions.
Each session sought their judgments for several moral scenar-
ios, consisting of pairwise comparisons between two kidney
patients. Participants were asked to “choose which of two
patients–Patient A or Patient B–should receive priority for a
kidney when only one is available.”

Scenario Design. In each kidney allocation scenario, hypo-
thetical patients A and B are described using the following
d=8 features: (a) number of child dependents, (b) life years
to be gained due to a successful kidney transplant, (c) num-
ber of alcoholic drinks per day before diagnosis, (d) number
of past violent crimes, (e) obesity level, (f) hours per week
patient is expected to be able to work after kidney transplant,
(g) years on the transplant waiting list, and (h) chance of
patient’s immune system rejecting transplanted kidney. All
features were selected based on a review of transplantation
practices and prior studies (Stegall et al. 2017; Keswani et al.
2025), and included both medical and non-medical attributes
that people considered morally relevant. Appendix B presents
an example scenario and additional feature descriptions.
Repeated Scenarios. To assess whether participants pro-
vided the same response for a scenario presented at different
times, six scenarios were repeated, both across all sessions,
and twice within each session. These repeated scenarios were
designed to vary in expected complexity by varying the num-
ber of tradeoffs between Patients A and B. Scenarios U1 and
U2 have the fewest tradeoffs, with one feature favoring one
patient (A or B) and the remaining seven features favoring
the other. Scenarios V1 and V2 add further tradeoffs, with two
features favoring A, two favoring B, and the remaining four
features equal for both. Scenarios W1 and W2 then maximize
tradeoffs, differing across all features, with four features fa-
voring A and the remaining four favoring B. Presentation
order for all scenarios was randomized each time, both in
terms of feature order and which patient appeared left vs.
right, to prevent participants from remembering them.

These repeated scenarios were selected from a larger pool
that was tested in a pilot study, where the chosen scenarios
displayed a wide range of across-participant disagreement.
We also included two attention-check scenarios each session.
Complete descriptions of repeated scenarios are presented
in Appendix B, along with pilot study details. For all other
scenarios, the features for both patients were independently
and uniformly randomly sampled from their domains.

Participants. Overall, 1410 participants took part in this
study. However, not all completed all five sessions, and sev-
eral failed attention check questions. Excluding those who did
not pass all attention checks left 1227 participants. Among
these, 132 completed five sessions, 318 completed at least
four sessions, and 404 completed at least three sessions. We
present only results on this cohort who provided valid re-
sponses across at least three sessions. All participants were
compensated at the rate of $12/hr. The survey methodology
was approved by the Duke University Institutional Review

Figure 1: Response stability distribution (median annotated)
for all repeated scenarios. Participants were relatively more
stable for U1, U2 compared to other scenarios.

Board (IRB). Additional preprocessing steps and aggregate
demographics are noted in Appendix B.

Qualitative Responses. We also asked participants who
completed all five sessions to self-report their decision pro-
cess at the end of the last session, by scoring and ranking
the importance of all features, and by textually describing
their decision strategy. Deviations of learned vs. self-reported
preferences are documented in Appendix C.

3.2 Metrics
Our study aims to assess temporal shifts in moral preferences.
Such shifts can manifest themselves in the form of unsteady
judgments and/or differences in models learned using partici-
pants’ judgments across sessions. To quantify these changes,
we therefore measure both response stability and model sta-
bility. Additionally, we define decision-making properties
that might explain temporal instabilities, e.g., scenario diffi-
culty, model shift, and model complexity.

Response Stability. We first measure how stable partic-
ipants were for the repeated scenarios. For any repeated
scenario S ∈ {U1, U2, V1, V2,W1,W2}, say the dominant
response of participant i for S is the patient they choose 50%
or more of the time. Then, response stability of participant
i for S is the fraction of responses that deviate from the
dominant response (falling in [0.5, 1]), formally defined as

RS(S; i) :=
#times i chose dominant response for S

total #times S was presented to participant i
.

We also define their average response stability over all re-
peated scenarios as avgRS(i) = 1

6

∑
S∈{U1,U2,...} RS(S; i).

Model Stability. To understand if and how participants
change their decision process over time, we quantify the
extent of agreement between predictions made by models
learned from participant responses in each session. For any
participant i and session j, we use the participant’s responses
to all 60 scenarios in the session to train a logistic model,
denoted by Hi,j : X → {0, 1}, where X denotes the space of
all pairwise comparisons. Given any set of random compar-
isons T , let pobsj1,j2

(T ) denote the fraction of T where predic-
tions from Hi,j1 and Hi,j2 overlap, and let pexpj1,j2

(T ) denote
the fraction of overlaps expected by chance if both models
output independent Bernoulli trials with p given by the em-
pirical frequency of 1 over T . Then, model stability between
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Dependent variable: Response stability RS(·, ·)
Intercept 0.967∗∗∗ (0.025)
Scenario difficulty −0.043∗∗∗ (0.002)
Model-entropy −0.117∗∗∗ (0.014)
Mean reaction time −0.081∗∗ (0.032)
Scenario Variance 0.039 (0.027)
User Variance 0.131∗∗∗ (0.023)
Observations 2414
Residual Std. Error 0.121 (df=2420)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

Table 1: Regression coefficients (std. dev. via Fisher infor-
mation in brackets) for mixed-effects model of RS(·) vs. sce-
nario difficulty, model-entropy, and reaction time for repeated
scenarios. Significant associations here show that response
instability is related to user’s deliberation process.

sessions j1, j2 is defined as1

MS(j1, j2; i) := ET

[
lim

ε→0+

pobsj1,j2
(T )− pexpj1,j2

(T ) + ε

1− pexpj1,j2
(T ) + ε

]
.

This measure, similar to Cohen’s κ (1960), is inspired by
the works of Geirhos, Meding, and Wichmann (2020) and
Xu et al. (2025) on behavioral alignment, and quantifies dis-
agreement between session-wise models, reflecting changes
to the underlying decision processes. While the expectation
removes dependence on any particular sample, the quantity
still depends on the sample size, but it rapidly converges.
Henceforth, we estimate MS(j1, j2) by sampling a dataset T
containing 10k uniform random pairwise comparisons, and
generating predictions from Hi,j1 , Hi,j2 over T to compute
agreement. We also quantify the cumulative model stability
of participant i as cumulMS(i) :=

∑5
j=2 MS(j − 1, j; i).

Model Shift. Along with stability measures, we quantify
changes in properties of models learned using their responses.
We again use participants’ responses to all 60 scenarios
per session to train a logistic model for that session and
learn Shapley values to obtain feature importances. For par-
ticipant any i and session j, let W shap

i,j := [w(1)
i,j , . . . , w

(d)
i,j ]

denote the feature importance vector learned using this
participant’s responses for session j. Then, model shift
for participant i between sessions 1 and j is defined as
model-shift(j; i) :=

∑j
j′=2 ||W

shap
i,j′−1 −W shap

i,j′ ||
2
2 , quantify-

ing the cumulative change in relative use of individual fea-
tures across consecutive sessions between 1 and j.

Model Complexity. We also assess complexity associated
with any participant’s decision-making model. For instance,
a participant who uses just one patient feature to make the
kidney allocation decision could be considered to have a
model of lower complexity than a participant who uses sev-
eral more features. We measure the complexity of participant
i’s process in session j by computing the entropy of the fea-
ture importance vector W shap

i,j := [w(1)
i,j , . . . , w

(d)
i,j ]. Formally,

1Note that the limit resolves the possibility of 0
0

as 1, which
would otherwise make the expected value undefined in most cases.

Figure 2: Model Stability between sessions MS(·, ·) vs. time
difference between sessions. Significant negative correlation
indicates decreasing model stability with time.

model-entropy(i, j) := −
∑d

k=1
|w(k)

i,j|
||W shap

i,j ||1
ln

(
|w(k)

i,j|
||W shap

i,j ||1

)
.

Lower values of entropy(i, j) imply fewer features used for
decision making by participant i in session j.

Scenario Difficulty. Finally, we quantify the extent to
which a participant finds a scenario difficult. Using the
Bradley-Terry (BT) approach (Bradley and Terry 1952), for
any pairwise comparison A vs B, we can estimate the approx-
imate priority scores implicitly assigned to each of A and B.
For participant i, let β(i)

F denote the weight on feature F , for
any F∈ {number of dependents, life years gained, . . .}. Then,
assuming priority scores for each patient can be modeled as
a weighted linear combination of the patient’s feature values,
taking a BT approach, we get ln P(choose A;i)/P(choose B;i) =∑

F β(i)
F · (AF − BF ). Now, suppose we learn weight vec-

tors β̂(i) for each participant using logistic regression over
participant responses to non-repeated scenarios. Using β̂(i)s,
we can calculate an implicit score that the participant gives
to either patient, i.e.,

∑
F β̂(i)

F ·AF for A, likewise for B.
Then, the (subjective) difficulty of A vs. B can be captured
as, difficulty(A,B; i) := − |

∑
F β̂

(i)
F · (AF −BF )| . This

quantity measures the distance from a linear decision bound-
ary for choosing either option, where a difficulty of 0 lies
on the decision boundary (no evidence to prefer A or B),
and values become more negative to represent increasing
certainty (according to the logistic model).

4 Findings: Preference Instability
4.1 Response Instability
For participants who completed at least three sessions
(N=404), Figure 1 presents response stability RS(·, ·) statis-
tics. We can see that response stability distribution trends
toward higher values for scenarios with fewer patient feature
tradeoffs (U1, U2), while it is significantly lower for scenar-
ios with more tradeoffs (V1, V2,W1,W2). A Kruskal-Wallis
test indicates that the differences in response stability levels
across scenarios are significant (H(5)=222.23, p<0.001).

We further assess possible reasons for participants’ re-
sponse instability. Table 1 presents a mixed-effects model to
predict response stability based on scenario difficulty, model
entropy, and mean reaction time for the repeated scenarios.
The results indicate a significant negative association between
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Figure 3: Average response stability vs. model stability, with
participants categorized based on their plot location.

response stability and scenario difficulty, suggesting higher
response instabilities for scenarios perceived as more difficult
by the participants. Similarly, there is a significant negative
association between response stability and model-entropy,
implying higher response instabilities for participants who
use relatively more features in their decision-making. Finally,
there is a modest negative correlation between mean reaction
time and stability, indicating higher instability when partic-
ipants deliberate longer. We report detailed scenario-wise
correlations in Appendix C. All of these associations provide
explanations for response instability; i.e., it is not just “ran-
dom noise”, but rather associated with participants’ mental
processes, such as how difficult they found the scenario to be,
how complex their decision-making process was, and how
long they deliberated before making their decision.

4.2 Model Instability
We also find evidence for shifts in decision-making mod-
els of participants over time. Figure 2 provides evidence of
this phenomenon. We plot model stability between sessions
MS(j1, j2; i) of participant i and sessions j1, j2 vs. the time
difference between these sessions, for all i, j1, j2. We ob-
serve a modest positive correlation between these quantities
(Spearman’s ρ=− 0.12, p<0.001), suggesting an increase in
disagreement between session-wise models over time.

In general, we hypothesize that different participants
change their models in different ways. While the above corre-
lation may seem modest (though significant), further analysis
indicates that some participants change their decision pro-
cesses to a greater extent than others. To discover mechanisms
of preference change and their scale, we conduct a deep dive
into different kinds of participants in our data.

4.3 Participant Categorization
We categorize participants by the cumulative response sta-
bility and model stability values, using which we investigate
mechanisms of preference change across the population. For
response stability, we divide the participant pool into re-
sponse stable vs. response unstable groups along the median
value of avgRS(·). Similarly, for model stability, we divide
them into model stable vs. model unstable groups along the
median value of cumulMS(·). Based on these divisions, we
get four participant categories: (C1) response stable, model
stable, (C2) response stable, model unstable, (C3) response

(a) Session-wise entropy (b) Model shift since session 1

Figure 4: Session-wise model entropy and model shift for all
categories. Participant categories differ in how their model
properties change over time, revealing change mechanisms.

unstable, model stable, and (C4) response unstable, model
unstable. Figure 3 visualizes these categories on the plot of
response stability vs. model stability. Note the significant
correlation between response stability and model stability
(Spearman’s ρ=0.65, p<.001), leading to a larger number of
participants in C1 (N=147) and C4 (N=153). In comparison,
C2 (N=49) and C3 (N=55) have fewer participants, but still
sufficient to evaluate statistical differences across categories.

With this categorization, we look at changes in model
properties of participants over time to obtain deeper insight
into their instabilities. To that end, Figure 4 plots the change
in model-entropy(·, ·) and model-shift(·, ·) across sessions.
Based on these, we identify the following possible preference
change mechanisms for different categories.

Mechanism 1: Increase the use of the “most important”
feature over time. For C1, Figure 4a shows that these par-
ticipants start with a relatively low entropy model, i.e., their
decision process is simpler than others. Model entropy also
decreases across sessions for C1 (r=− 0.23, p<0.001), sug-
gesting that the preference change mechanism they employ
is to increase the use of features they consider most relevant.
Indeed, an analysis of the change in the Shapley value of the
most important feature in Appendix C corroborates this find-
ing. Figure 4a also shows that participants in C2 follow a sim-
ilar mechanism for preference change (r=−0.19, p=0.007).
However, while the slopes are similar, C2 participants start
with higher entropy than C1 on average. Overall, participants
in C1 and C2 move toward lower entropy models over time.

Mechanism 2: Minimal preference change over time de-
spite response instability. Participants in C3 are characterized
by response instability and model stability. Figure 4a shows
that model entropy for C3 is relatively high and stays high
across sessions (r=−0.08, p=0.2). Taken together, this sug-
gests that these participants tend to use a relatively larger
set of features each session and continue to use high entropy
models (with minimal changes) across sessions. Addition-
ally, as the negative correlation between model entropy and
response instability in Table 1 shows, high entropy models
possibly contribute to their response instability.

Mechanism 3: Significant updates to relative feature im-
portances. Finally, participants in C4 are both response and
model unstable. Figure 4a shows that these participants have
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Figure 5: Error rate boxplot of all models, showing significant
disparities in performance across participant categories.

the highest model entropy among everyone. Their model en-
tropy remains high across sessions, suggesting they continue
to use several features in the decision process. Figure 4b
further shows that these participants exhibit high levels of
model shift, significantly changing the importance they as-
sign to different features over time (r=0.74, p<0.001). This
suggests that they may not prioritize decision process consis-
tency across scenarios (treating each scenario mostly indepen-
dently) or are prone to relatively more stochastic responses.
Participants in C4 also have shorter response times than C3
(Appendix C), suggesting shorter deliberations.

Overall, categorization by response and model instabil-
ity sheds light on different potential sources of temporal
instability in revealed preferences. As we show next, this
categorization has a strong bearing on AI alignment.

5 Findings: Impact on AI Alignment
With an understanding of how participants’ preferences
evolve over time, we next assess the impacts of preference
evolution on AI models learned from participant responses.
Here, we report the performance of three common prefer-
ence modeling methods: (a) Bradley-Terry framework using
neural scoring function (BT-NN), (b) Supervised neural net-
works (SUP-NN), (c) Fine-tuned GPT-2 model (GPT-FT).
BT-NN adapts the popular Direct Preference Optimization
alignment framework (Rafailov et al. 2023) for this struc-
tured setting, while SUP-NN implements classic supervised
preference learning. We follow Sun, Shen, and Ton (2024)’s
methodology to train BT-NN and SUP-NN, and Dickerson
et al. (2025)’s process for the fine-tuned GPT. Complete im-
plementation details are presented in Appendix D.

Aggregate error rate. We first assess aggregate model
performance. BT-NN and SUP-NN were participant-specific
models, trained using each participant’s data and evaluated
over their held-out data (80-20 train-test split). GPT-FT was
fine-tuned by pooling together 50% of all participant data
and evaluated over held-out data from each participant.

Figure 5 shows the performance of these models on
participant-level data. For all methods, we observe signif-
icantly higher error rates for response and/or model un-
stable participants (t-tests used to check significance). For
BT-NN, error rate is 0.16 higher on average for C4 partici-
pants compared to C1 participants (t(290)=14.5, p<0.001).
Similar trends hold for SUP-NN. For GPT-FT, error rate
is 0.05 higher on average for C4 participants compared to
C1 participants (t(289)=4.2, p<0.001). However, GPT-FT

Figure 6: Error rate vs number of queries since training. The
slope is positive and significant for C4 in 3 out of 4 settings.

has a higher error rate for all categories compared to BT-
NN and SUP-NN, showing the limitations of population-
level fine-tuning in aligning to individual preferences.
Differences between mean error rates for C2 and C3
were not significant for BT-NN and SUP-NN, but error
rates for C4 were 0.11 higher on average than that of
C2/C3 for both BT-NN (t(253)=9.1, p<0.001) and SUP-
NN (t(253)=11.0, p<0.001). Error rates for C4 were also
0.08 higher on average than that for C2/C3 for both GPT-FT
(t(258)=7.8, p<0.001). Hence, performance of all methods
is significantly worse for C4, and generally the error rate
seems to increase with the level of instability. Surprisingly,
error rates for C1 were 0.03 higher on average than that for
C2/C3 for GPT-FT (t(253)=2.7, p=0.008). This is likely be-
cause GPT-FT is fine-tuned over population data, leading it to
perform generally worse in predicting individual responses.

Error rate over time. Given temporal preference insta-
bility, we also investigate whether the AI models get worse
over time. For a model trained on responses up to time t, if
the underlying preferences changed after t, then the model’s
error at time t′>t increases with t′. We test this hypothesis
by learning a BT-NN model for each participant using their
data from session j, and evaluate its error rate over data from
subsequent sessions. To study performance variation over
time, we evaluate error rate of learned policies over batches
of 10 consecutive queries, and assess trends in error rate as a
function of time gap between training and evaluation data.

Figure 6 presents the performance of participant-level mod-
els trained on each session. For C4, the slope of error rate
on number of queries since training is positive and signifi-
cant when training is over session 1 (t=7.2, p<0.001), ses-
sion 3 (t=6.2, p<0.001), and session 4 (t=5.9, p<0.001)
responses. It is, however, marginally non-significant when
training over session 2 (t=1.8, p=0.06). For these partici-
pants, AI performance gets worse over time in three out of
four settings. The magnitude of slope increase is relatively
smaller for other participants, and discussed in Appendix D.
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6 Discussion, Limitations, and Future Work
Our findings highlight the challenges associated with the tem-
poral instability of moral preferences. While instability might
appear to be irrational behavior on the surface, our observa-
tions suggest significant heterogeneity in preference change
mechanisms, some of which may reflect authentic updates to
moral reasoning. This heterogeneity impacts AI alignment,
as we see in the significant AI performance disparity across
participant categories. We next discuss the normative and
technical implications of our findings.

What should we align with? This work raises normative
questions at the core of AI alignment objectives. If moral
preferences change significantly over time, to which prefer-
ence should the AI be aligned? We could choose to align
with moral preferences revealed during the latest time period,
preferences revealed during an earlier time period, or some
sophisticated combination thereof. The choice between these
candidates for the objective of AI alignment is nontrivial and
depends on the reasons for observed temporal differences.

The implications of this choice are also significant. Align-
ing an AI with the “ideal” preference that a user considers
normatively suitable would enhance trust in AI’s decisions.
As Jacovi et al. (2021) claim, “only when (1) the user success-
fully comprehends the true reasoning process of the model,
and (2) the reasoning process of the model matches the user’s
priors of agreeable reasoning, intrinsic trust is gained”. To
this end, we argue that misalignment due to not capturing
“legitimate” changes in moral preferences is bound to reduce
the intrinsic trust the user places in AI.

Which preference changes are relevant to AI alignment?
There are “legitimate” cases of preference change that should
ideally be accounted for during AI alignment, while in “ille-
gitimate” cases, we might want to ignore them. For instance,
consider the gradual model shift exhibited by groups C1 and
C2, who reduced their model entropy over time and used
fewer features in later sessions. This shift could be a result
of mental fatigue, where the decision maker focuses only on
the features they consider most important as a way to reduce
cognitive load, time on task, or uncertainty (Jia, Lin, and
Wang 2022). Depending on the context, one could argue that
we should not account for this change during AI alignment,
since we want to align an AI to the user’s preferences for
scenarios where they deliberated over all the presented infor-
mation. However, gradual model shift of C1 and C2 could
also be due to legitimate reasons related to the nuances of
preference construction. Preferences are known to be context-
sensitive and largely shaped during decision-making (Warren,
McGraw, and Van Boven 2011; Slovic 1995). People may
start with complex decision models, but simplify them as they
make more choices (Hoeffler and Ariely 1999). If this is the
mechanism driving the moral preference change for C1 and
C2, then we should ideally consider it during AI alignment,
as their later decisions reflect their well-formed preferences.

In contrast, C3 and C4 participants use high-entropy mod-
els across all sessions. This could be because their prefer-
ences are not well-formed yet, in which case we need to
continue presenting them with additional scenarios and align
AI with their future well-formed preferences. However, they

might instead favor complex deliberations in each scenario
(given the stakes of kidney allocation), in which case we
could align the AI with their current preferences, while high-
lighting to them the inconsistencies in their responses to
repeated scenarios. In either case, alignment requires under-
standing the mechanisms for preference change. Yet, as we
show, mechanisms are difficult to decipher at an individual
level, even with longitudinal choice data, due to missing infor-
mation on why one changed their preferences. This appears
to be a fundamental limitation of choice-based preference
learning, necessitating richer reasoning-based data.

Technical solutions to address preference change. De-
pending on how one expects preferences to change, different
solutions can be employed. For participants who exhibited
instability because they were learning their preferences dur-
ing decision-making, assistive frameworks model learning
dynamics to ensure alignment with eventual well-formed
preferences (Chan et al. 2019; Tian et al. 2023). Other works
discount certain preferences. Son et al. (2024) assign higher
weight to the latest choices during preference optimization.
Zhuang and Hadfield-Menell (2020) argue for dynamic up-
dates to alignment objectives when we have incomplete utility
representations. Chowdhury, Kini, and Natarajan (2024) pro-
vide preference modeling methods that are robust to noisy
human feedback. However, the applicability of these works
depends on the knowledge of preference change mecha-
nisms. Reweighting methods are appropriate for legitimate
changes, while noise-robust optimization could handle re-
sponse stochasticity. Yet, these technical works do not differ-
entiate between various kinds of preference changes, a variety
of which we observe to be present in our single kidney alloca-
tion dataset. As such, there is still a need for methodologies
to understand how different people change their preferences
and how to ensure alignment for all across time.

Opportunities beyond choice-based preference learning.
While collecting user choices over an extended period al-
lowed us to quantify temporal preference instabilities, we
need richer data to decipher why participants changed their
preferences in the manner we observed. As such, future
elicitation methods must go beyond simply learning from
observed choices. Additional feedback from the users on
alignment objectives could provide valuable signals to dif-
ferentiate between competing objectives when faced with
unstable preferences. This feedback could be in the form of
descriptions of “evaluative concepts” that serve as reasons
behind our actions (Zhi-Xuan et al. 2024) or via “interactive
alignment” frameworks that seek user input on desired AI
goals, processes, and output assessments (Terry et al. 2023).

Limitations. Our study was limited in certain ways that can
be addressed in the future. We assessed preference change
over the span of days. However, one might expect larger pref-
erence changes over longer periods, which could be a fruitful
target for future data collection efforts. Our study also posed
hypothetical kidney allocation decisions to laypeople, which
may differ from decisions of medical professionals. Future
work can also study alignment objectives beyond prediction,
especially for language models (Carroll et al. 2024).
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