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Abstract

LLMs are increasingly deployed in dynamic,
real-world settings, where the distribution of
user prompts can shift substantially over time
as new tasks, prompts, and users are introduced
to a deployed model. Such natural prompt dis-
tribution shift poses a major challenge to LLM
reliability, particularly for specialized models
designed for narrow domains or user popula-
tions. Despite attention to out-of-distribution
robustness, there is very limited exploration of
measuring natural prompt distribution shift in
prior work, and its impact on deployed LLMs
remains poorly understood. We introduce the
LLM Evaluation under Natural prompt Shift
(LENS) framework: a data-centric approach
for quantifying natural prompt distribution shift
and evaluating its effect on the performance of
deployed LLMs. We perform a large-scale eval-
uation using 192 real-world post-deployment
prompt shift settings over time, user group, and
geographic axes, training a total of 81 models
on 4.68M training prompts, and evaluating on
57.6k prompts. We find that even moderate
shifts in user prompt behavior correspond with
large performance drops (73% average loss) in
deployed LLLMs. This performance degrada-
tion is particularly prevalent when users from
different latent groups and geographic regions
interact with models and is correlated with nat-
ural prompt distribution shift over time. We
systematically characterize how LLM instruc-
tion following ability degrades over time and
between user groups. Our findings highlight
the critical need for data-driven monitoring to
ensure LLM performance remains stable across
diverse and evolving user populations.

1 Introduction

The way humans interact with large language mod-
els (LLMs) evolves naturally over time, location,
and user groups (Ma et al., 2024; Tafreshipour et al.,
2025; Seegmiller et al., 2024). This covariate dis-
tribution shift can substantially affect model relia-
bility and safety (Yuan et al., 2023; Myntti et al.,
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Figure 1: LLM user dynamics change considerably over
time, affecting prompt distributions and performance
of models trained on prior user prompts. We measure
these natural prompt distribution shifts and study their
effects on LLM performance.
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2025; Lazaridou et al., 2021), thereby affecting user
satisfaction (Lin et al., 2024b) and overall model
performance (Yuan et al., 2023; Yang et al., 2023).
We focus on a specific type of covariate shift, which
we refer to as natural prompt distribution shift:
measurable change in the natural distribution of
user prompts encountered by a model after deploy-
ment, relative to the distribution of user prompts
seen during instruction fine-tuning.

Real-world user prompts are often repurposed
as instruction tuning data, as LLMs fine-tuned on
such prompts and collected responses have demon-
strated strong performance in downstream deploy-
ments (OLMo et al., 2024; Ivison et al., 2023; Cui
et al., 2024). However, as with any inputs into a
deployed ML system, these prompts are subject to
distributional shift from training to deployment (see
Figure 1) (Jang et al., 2024; Luu et al., 2022). This
is particularly prevalent for smaller LLMs with
dedicated user bases in deployment, such as those
deployed for customer service (Xu et al., 2024) or
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Figure 2: The LENS framework for investigating the relationship between instruction tuning dataset distributions
and user prompt distributions in realistic deployment settings. LENS creates {ID/OOD} settings over time, between
user groups, and across geographic regions (Section 2.1). LLM OOD performance (Section 2.2) is compared with
unsupervised measures of distributional shift (Section 2.3) between prompts seen during instruction fine-tuning vs
evaluation. LENS enables analysis of the impact of distributional shift on LLM performance.

medical dialogue (Garcia-Ferrero et al., 2024), as
dynamics such as the introduction of new users may
affect the distribution of user prompts. If LLMs are
not robust to such natural shifts in user prompts af-
ter deployment, this can have disastrous effects on
user satisfaction and model reliability (Massenon
et al., 2025; Wang et al., 2024a).

Despite the practical significance of natural
prompt distribution shift and its effects, robust mea-
surement and analysis of the impact of such shifts
on deployed LLM performance remain open chal-
lenges. Evaluation of LLMs under prompt distri-
bution shift can be viewed as out-of-distribution
(OOD) robustness, a well-studied challenge in
machine learning (Hendrycks et al., 2021, 2020).
There is some evidence that LLMs fail to generalize
across domains in specific tasks (Yuan et al., 2023;
Wenzel et al., 2022; Teney et al., 2023; Wu et al.,
2025b). For example, Wu et al. (2025a) show that
natural semantic evolution of context paragraphs
from pretraining data may lead to up to 70% de-
cline in LLM reading comprehension performance.
Similarly, Yang et al. (2023) show that LLMs fre-
quently experience 20% performance drop in OOD
evaluations on GLUE benchmark tasks.

However, evaluating LLM OOD robustness to
“in the wild” user prompt distribution shift has yet
to be studied at scale. This is a challenge for two
reasons. First, distribution shift is not trivial to de-
fine or measure for massive-scale corpora of natural
language such as user prompts. In prior evaluations
of LLM robustness, distribution shift is implicitly
assumed rather than measured (Sun et al., 2024,
Hupkes et al., 2022; Yuan et al., 2023; Gupta et al.,
2024; Teney et al., 2023). Second, the extent to
which intentional transfer learning from rounds

of pre-training mitigates post-trained LLM perfor-
mance degradation due to semantic and stylistic di-
vergence between training prompts and those seen
in deployment is an open question (Zhao et al.,
2024c; Jia, 2024). Robust measurement of natural
prompt distribution shifts, and controlled analysis
of their impact on LLM performance, will enable
a deeper understanding of real-world dynamics af-
fecting LLLM evaluation and help to develop more
robust model performance in the wild.

To address these open challenges, we study two
core research questions in this paper. RQ1: How
much prompt distribution shift can be observed in
the wild? RQ2: How do natural prompt distribution
shifts affect performance of pre-trained LLMs?

We introduce the LLM Evaluation under Natural
prompt distribution Shift (LENS) framework for
analyzing the relationship between instruction tun-
ing dataset distributions and user prompt distribu-
tions in deployment. By sourcing data from a large
collection of real-world user prompts submitted
to a deployed LLM API (Zhao et al., 2024b), the
LENS framework pairs 1) real-world user prompts
and teacher model responses as instruction tuning
data with 2) real-world user prompts in plausible
post-deployment shift settings as evaluation data.
By using a suite of quantitative measures to esti-
mate various aspects of distribution shift between
instruction tuning and evaluation data, and by mea-
suring model performance on shifted evaluation
prompts after instruction tuning, this framework
offers a systematic, controlled evaluation of model
performance across multiple types and degrees of
natural shifts in user prompt distributions. Using
this evaluation framework, we experiment in 192
post-deployment prompt drift settings, training a
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total of 81 models on 4.68M training prompts, and
evaluating on 57.6k total evaluation prompts, to
evaluate how real-world natural prompt distribu-
tion shifts affect deployed LLM performance.

Summary of Findings: Using a suite of unsu-
pervised measures of distributional shift in natu-
ral language, we answer RQ1 by finding that nat-
ural prompt distributions shift significantly over
time, between user groups, and across geographi-
cal regions (e.g. average MAUVE of 0.54 between
time-delayed prompts and 0.05 between geography-
separated prompts). Answering RQ2, we show
that LLM performance is considerably worse in
naturally-occurring OOD user prompt shift set-
tings'. We show that natural prompt distribution
shift and LLM performance degradation both in-
crease over time (see Figure 4), and LLM perfor-
mance degradation is drastic across user groups
(88% average loss rate vs oracle models trained
on OOD data, see Table 2). Our findings show
that instruction following ability learned from real-
world user prompts does not naturally transfer in
dynamic deployment settings. These insights moti-
vate the need for a better understanding of natural
shifts in user-submitted LLM prompts (see Table
3), and more informed methods for mitigating per-
formance loss due to the natural evolution of user
prompts.

2 Analysis Methods

In this section we introduce our primary analysis
method, the the LLM Evaluation under Natural
prompt distribution Shift (LENS) framework. Fig-
ure 2 gives an overview of the LENS evalua-
tion framework. First, LENS emulates real-world
LLM environments by creating 192 {ID, OOD}
(in-distribution, out-of-distribution) dataset splits
sourced from real user prompts (Section 2.1). Next,
LENS evaluates LLM performance degradation un-
der distributional shift by comparing 81 fine-tuned
ID models against fine-tuned OOD (oracle) models
for each dataset split (Section 2.2), to answer RQ2.
Finally, LENS deepens understanding of LLM ro-
bustness in real-world settings by estimating the
degree of natural prompt distribution shift between
ID training and OOD evaluation data in each setting
using natural language distribution shift measures
(Section 2.3), addressing RQ1. We examine the
relationships between natural prompt distribution
shift and LLM robustness across a variety of LLMs

"We refer to natural prompt shifts as OOD settings.

in Section 3.

2.1 Curating Prompt Shift Datasets

We are interested in evaluating LLMs in the con-
text of instruction following post-deployment, so
we evaluate LLMs on actual user prompts which
they might encounter post-deployment (Song et al.,
2019; Don-Yehiya et al., 2025). We do this by
sourcing training and evaluation data from LLM
queries collected “in the wild.” Our goal is to
simulate realistic LLM deployment where models
go through instruction fine-tuning on previously-
collected user prompts and are deployed in evolv-
ing environments. As time passes, existing users
may shift their behavior, and new users — often
from different demographic, geographic, or usage
contexts — begin interacting with the model. These
dynamics naturally lead to changes in the prompt
distribution over time, between user groups, and
across regions.

We utilize WildChat (Zhao et al., 2024b), which
is comprised of 1M user queries submitted to vari-
ous OpenAl models, to investigate natural prompt
distribution shift in a deployed LLM setting. Wild-
Chat contains real-world, natural user prompts in
a deployed LLM setting. We use the user prompts
and frontier model responses as instruction tuning
data and evaluation data (Lin et al., 2024a). We
restrict to English prompts for simplicity, and we
use the initial user message (prompt) and model
response pairs. These prompts were collected by
offering users free access to OpenAl models in ex-
change for consent to use their data. As opposed to
other datasets which capture user-generated LLM
queries/prompts (Zheng et al.; Kopf et al., 2023;
Don-Yehiya et al., 2025), WildChat is uniquely
well-suited for LENS as its data collection strat-
egy includes IP addresses and request headers that
contain timestamp metadata. Other work has sim-
ilarly focused on WildChat to explore real-world
LLM behavior, including user interaction trends
and model response analysis (Brigham et al.; Brah-
man et al., 2024; Rottger et al., 2025; Zhong et al.,
2024; Ye et al., 2024).

We construct 192 {ID, OOD} settings, including
27 unique ID datasets, using prompts and responses
from WildChat in which user prompts are bucketed
by time, user group, and geographical location (see
Table 1). ID data is used for training each model
and OOD data is used for evaluating that model
in a realistic setting. Oracle training data is drawn
from the same bucket as OOD evaluation data (en-
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Axis OOD Eval Data Oracle Data ID Data #ID # Settings
Time Month N Months <= N Months <= M, M < N 10 64
Example Month 5 Months 0-5 Months 0-2
User Group Users A_i,V_j UsersA_i,V_j Ak, V_I,k#iorl=#j 8 56
Example Late/High Late/High Early/Low
Geography Location L_z Location L_1 Location L_j,i # j 9 72
Example California California Tokyo
Total 19.2k Prompts 1.56M Prompts 1.56M Prompts 27 192

Table 1: Overview of dataset splits created along each axis, resulting in 192 total realistic {ID, OOD} scenarios
across 27 unique ID training datasets. As an example {ID, OOD} dataset split by user group, LENS creates ID
training data from prompts collected from users who were early adopters with low volume (first 33% of users
appearing in WildChat, bottom 33% of users by prompts per day). This is paired with OOD evaluation data collected
from users who were late adopters with high volume. Oracle training data in each case contains no overlap with
OOD evaluation data. Refer to Appendix A for full dataset creation details.

suring no overlap with OOD data), and is used for
training an oracle model whose responses are com-
pared with ID model responses. Details of dataset
construction can be found in Appendix A.

Over Time. WildChat contains user queries col-
lected from April 2023 to May 2024. As some
time periods have more data than others, we sort
by timestamp and split the prompts into 12 buckets
which we refer to as “months” for simplicity. OOD
evaluation datasets consist of 1k prompts sampled
exclusively from each month. To simulate train-
ing on prior user queries, we construct ID training
datasets by randomly sampling prompts from data
up to each month. For each OOD evaluation month
N, the corresponding oracle data is collected from
up to and including month NV, indicating training
on all available data up to that point. ID data is
collected on up to month M where M < N, rep-
resenting different lags in training data availability.
This setup mimics a realistic deployment pipeline
in which an LLM is trained on past prompts and
then deployed to handle future user queries, poten-
tially subject to natural prompt distribution shift.

Between User Groups. We treat anonymized
IP addresses as proxies for unique users, which is
a realistic setting for deployed models which often
operate without persistent user accounts (Ye et al.,
2024). As most individual users do not submit a
sufficient number of prompts to train a model or
analyze performance trends, we divide users into
user groups based on two latent behavioral dimen-
sions: Adoption stage (early, medium, late), deter-
mined by when a user first appeared in the dataset;
and query volume (low, medium, high), based on

Dataset creation code can be found at https://github.
com/pkseeg/lens.

the rate of queries submitted per day. This results
in 8 usable user groups (excluding late adopters
with low volume, due to insufficient data). For
each group, we sample 10k training and 1k evalu-
ation prompts. We consider evaluation scenarios
in which oracle training and OOD evaluation data
come from the same user group, and ID training
data comes from a different group, isolating the
effect of new user groups on model performance.
Across Locations. WildChat uses IP-to-location
mappings to assign each query a geographic re-
gion. We consider city/state-level granularity and
select 9 regions with sufficient data coverage (5k
for training, 1k for evaluation). These states serve
as coarse representations of distinct geographical
regions, e.g. California, Paris and Tokyo. We con-
sider evaluation scenarios in which oracle training
and OOD evaluation data come from the same lo-
cation, and ID training data comes from a different
location, allowing us to assess performance under
natural geographic prompt distribution shift.

2.2 Evaluating LLM OOD Performance

LLM performance can be influenced by a wide va-
riety of factors including pretraining data (Myntti
et al., 2025), dataset size (Kaplan et al., 2020),
and training techniques (Zhang et al.). In studying
OOD performance, we wish to isolate the effects of
natural prompt distribution shift between instruc-
tion fine-tuning data and evaluation data. We do
this by fixing a base model (and thus pretraining
data/procedures), instruction tuning dataset size,
training procedures, and model evaluation proce-
dures. We give an overview of these processes here,
and give full details in Appendix B.

We use three pre-trained base models in our ex-
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periments. We first use Qwen2.5-7B% (Qwen et al.,
2025), as this model is open-source and has been
used for other work investigating instruction fine-
tuning (Chen et al., 2024; Dong et al., 2025). To
investigate the relationship between model size and
model degradation under natural prompt distribu-
tion shift, we employ the larger Qwen2.5-14B*.
Finally, to compare the effects of natural prompt
distribution shift on a model from a different model
family, we use Llama3-8B° (Al@Meta, 2024),
which has similarly been used to investigate instruc-
tion fine-tuning (Zheng et al., 2024; Li et al., 2024).
As we train 3 base models in each of 27 ID settings
(see Table 1), we train 81 models total. All three
models are considerably smaller than the models
used to generate responses in WildChat, meaning
WildChat is viable as both a learning objective, i.e.
distillation of the OpenAl models in WildChat, and
an evaluation setting (Lin et al., 2024a). As we
focus on measuring natural shifts in user prompts,
we choose to scale {ID, OOD} dataset pairs (rather
than models) to get a more comprehensive view
of possible natural prompt shift settings, and use
three models from different sizes and families to
evaluate performance under these shifts. Thus our
evaluation prioritizes computational resources to
answer research questions about the types and im-
pact of shift in broad settings, rather than detailed
comparisons between many different LLMs.

In each setting, we perform supervised fine-
tuning of each base model to create two fine-tuned
models. For each dataset series using each base
model, we train an ID model on the ID dataset and
an oracle model on the oracle dataset®. We directly
compare the ID and oracle models by generating
responses for 100 fixed prompts from the OOD
evaluation data in each of the 192 splits (19.2k
total for each base model). Using the same evalu-
ation prompt as in WildChat (Zhao et al., 2024b),
we compare ID and oracle model responses using
GPT-40 as the judge LLM (Zheng et al., 2023). We
evaluate the performance of the ID model on OOD
evaluation data by using the ID model loss rate
(conversely oracle model win rate), i.e. percent-
age of response comparisons won by the model
trained on oracle instruction tuning pairs. Thus,
ID model loss rate indicates the extent to which
sourcing training data from the OOD setting is bet-

’Qwen/Qwen2.5-7B

4Qwen/Qwen2.5-14B
Smeta-llama/Meta-Llama-3-8B

6Training details can be found in Appendix B.

ter than ID (i.e. excluding ties). For example, a
Qwen2.5-7B model trained on data from months O-
3 loses 53% of head-to-head comparisons on OOD
evaluation data in month 7 against an oracle model
trained on data from months 0-7, and ties 15%,
hence the model is winning only 30% of these com-
parisons and is worse than the oracle model. The
greater the ID model loss rate, the greater the dis-
parity between the ID and oracle models, thus the
less performant the ID data in deployment. We
follow other works in using LLM performance as
the evaluation metric for training data quality (Sun
et al., 2024; Zhuang et al., 2025; Chen et al., 2023).

2.3 Measures of Natural Prompt Distribution
Shift

Among large-scale robustness evaluations of LLMs
(Yuan et al., 2023; Wenzel et al., 2022), a critical
missing element is the degree to which the OOD
setting differs from the training setting. Not all
distribution shifts are created equal, and faulty
assumptions of distributional shift may lead to
misleading estimates of model robustness. How-
ever, measuring distributional shift in natural lan-
guage presents unique challenges due to the lack
of a known ground-truth distribution over text in-
puts (LeBrun et al., 2022). Unlike structured data
with explicit feature spaces, natural language is
inherently high-dimensional, sparse, and context-
dependent. As a result, quantifying natural prompt
distribution shift requires proxy measures that cap-
ture meaningful variation between text corpora.
Prior work has leveraged supervised approaches
to detect shift in known prompt properties such as
complexity (He et al., 2024), toxicity (Zheng et al.),
or topic (Myntti et al., 2025). However, these meth-
ods can be impractical for deployed LL.Ms, where
future prompts may diverge in unforeseen and un-
constrained ways (Jang et al., 2024). To address
this challenge, the LENS framework emphasizes
unsupervised measures of distributional shift in nat-
ural language. We briefly describe four measures
used in our analysis here, describing full details
and additional measures in Appendix C.

Notation Let P denote the distribution of pre-
deployment training user prompts, and () denote
the distribution of post-deployment user prompts.
We call X = {X;}!" | ~ P the sample of n train-
ing prompts, and Y = {Y;}™, ~ @ the sample
of m post-deployment prompts. To measure shift
between training prompts and post-deployment
prompts, we will use sample-based divergence
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Prompt Distribution Shift Measures Across Axes
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Figure 3: We estimate natural prompt distribution shift between all {ID, OOD} settings using four distribution
shift measures, finding that prompt distributions shift significantly over time, between user groups, and across
geographical locations. We also find that MAUVE can best distinguish between distributions, as it has a high
disparity between estimates across axes and the random baseline estimates, which are more precise and stable.

estimators D(P, Q). In practice, we use n
m = 1000 samples from pre- and post-deployment
prompt pools (Seegmiller and Preum, 2023). The
n = 1000 pre-deployment training prompts are
taken as a subset from the ID training data and the
m = 1000 post-deployment prompts are the OOD
data described in Section 2.1.

MAUVE, introduced by Pillutla et al. (2021),
is an embeddings-based measure designed for text
generation evaluation , which compares a pair of
text distributions by computing information diver-
gences in a quantized embedding space. MAUVE
simultaneously captures the probability of Type I
and Type Il errors in language generation — thus re-
purposing MAUVE to measure divergence between
prompt distributions D(P, Q) is meant to estimate
the overlap in relative frequency of prompt charac-
teristics in P and (). A MAUVE score closer to 0
indicates higher shift between prompt distributions.

A-score, introduced by Seegmiller and Preum
(2023),7 is an embeddings-based measure which
uses a similarity-based statistical depth Ds(z;, P)
to estimate how representative a text z; ~ P is
of the distribution. The goal of the A-score is to
capture how well one text distribution represents
another. A A-score of 0.5 indicates an equal likeli-
hood of representation, and a lower A-score indi-
cates higher shift.

Perplexity is a language model-based measure
that quantifies how well a probability distribution
predicts a sample. Lower perplexity values indicate
that the model assigns higher probabilities to the
observed sequences, suggesting better predictive
performance. The LENS framework utilizes the
LLM itself, fine-tuned on samples { X;}?" ; ~ P to
estimate perplexity of samples {Y;}I"; ~ Q. This

"The original authors use Q-score as notation, but we use
A-score for notational clarity in this work.

approach captures how surprising prompts from
the () distribution are based on P.

BLEU, originally developed for machine trans-
lation evaluation (Papineni et al., 2002), provides a
statistical measure of n-gram overlap between text
distributions. Higher BLEU scores indicate greater
lexical similarity between distributions, capturing
surface-level textual patterns rather than deep se-
mantic relationships. BLEU offers an estimate of
lexical divergence between prompt distributions,
measuring explicit differences in vocabulary usage,
phrase construction, and local contextual patterns.

3 Evaluation and Results

In this section we quantify the magnitude of natu-
ral prompt distribution shift in Section 3.1 (RQ1),
then we examine the degrading impact of this
shift on LLM performance in Sections 3.2 and 3.3
(RQ2). Results in Sections 3.1 and 3.2 are averaged
across three models (Llama3-8B, Qwen2.5-7B, and
Qwen2.5-14B) to ensure robustness; Section 3.3
provides a detailed inter-model comparison.

3.1 Distribution Shift in Real-World LLM
Queries

The LENS framework measures natural prompt
distribution shift using the unsupervised measures
described in Section 2.3: MAUVE, A-score, per-
plexity, and BLEU. Shifts are estimated between
training and OOD evaluation data in each of the
192 {ID, OOD} natural settings described in Sec-
tion 2.1 along three axes: time, user group, and
geographical location. To compare these estimates
against a baseline amount of shift which would
be expected in random sampling, we also measure
shift between 72 dataset pairs randomly sampled
from all English WildChat prompts.
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Figure 4: Using the LENS framework to evaluate LLM performance in 64 time-shifted deployment settings,
averaging across 3 different LLMs, we find that significant distributional shift (measured in MAUVE) occurs in user
prompts submitted to a deployed LLM over time. We find that the degree of natural prompt distribution shift
increases as the lag between training data and time-delayed OOD evaluation data increases. We also find that LLMs
trained on user prompts perform poorly on time-delayed OOD evaluation data (measured in model loss rate vs an
oracle model trained on OOD data), and that the performance loss tends to be more drastic as the lag increases. See

Section 3.2 for more discussion of these results.

As shown in Figure 3, significant natural prompt
distribution shifts are observed across all three axes.
Notably, the geographical location axis exhibits the
strongest shift, indicating that different geographi-
cal behavioral patterns are strongly associated with
changes in prompt characteristics. Natural prompt
distribution shifts are also strong between time-
shifted datasets, e.g. with an average MAUVE
score of 0.54 vs the random baseline MAUVE
score of 0.96. While user groups based on adop-
tion rate and usage volume exhibit the least natu-
ral prompt distribution shift among the three axes
which we evaluate, the average MAUVE (0.61),
A-score (0.47), and BLEU (0.49) scores in this
group still indicate measurable distributional shift
compared to baseline scores (0.96, 0.50, 0.57 av-
erage MAVUE, A-score, and BLEU, respectively).
These findings highlight that prompt distributions
encountered by deployed LLMs can vary substan-
tially depending on when the model is used and
who is using it. We find that perplexity estimates
shift between datasets to be closer to the random
baseline. We hypothesize that perplexity measure-
ments are impacted by the vast amounts of pre-
training data seen by the LLM, impacting the sur-
prisal of the model on OOD data. However, as
we see in Table 2, pre-training does not mitigate
performance degradation in the context of natural
prompt distribution shift. Shift estimates can be
found in tabular format in Table 4 in Appendix E.

3.2 LLM Performance Degradation Due to
Natural Prompt Distribution Shift

The LENS framework evaluates the relationship
between natural prompt distribution shift and LLM
performance by measuring LLM OOD perfor-
mance in realistic post-deployment settings. For
each prompt in the OOD evaluation dataset, we
collect responses from two models: the ID model
(i.e., the model trained on data representative of
expected pre-deployment user prompts), and the
oracle model trained on data sourced from the same
bucket as the OOD evaluation dataset. Following
Zhao et al. (2024b), we use GPT-4o to judge the
responses. We measure ID model loss rate com-
pared to the oracle model to estimate LLM OOD
performance degradation.

Figure 4 presents results along the time axis,
averaged by the number of months between ID
training and OOD evaluation settings. We see a cor-
relation between the magnitude of natural prompt
distribution shift and the degradation in LLM per-
formance, both of which increase over time. We
see a similar pattern in user group and geography
settings, which we detail in Appendix G. Aggre-
gated performance metrics can be found in tabular
format in Table 6 in Appendix F.

3.3 Inter-Model Performance Degradation

Table 2 gives distribution shift (MAUVE and A-
score®) and performance (loss, win, and tie rates

8Perplexity and BLEU scores are given in Appendix E.
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Axis  Model MAUVE A-score Loss Rate Win Rate Tie Rate
vs Oracle vs Oracle vs Oracle
Time L8B 0.5125(0.18) 0.4963 (0.02) 0.4388 (0.05) 0.3991 (0.05) 0.1359 (0.03)
Time Q7B 0.5437(0.18) 0.4175(0.04) 0.4409 (0.05) 0.3553 (0.04) 0.1770 (0.04)
Time QI14B 0.5510(0.17) 0.4049 (0.05) 0.4509 (0.05) 0.3573 (0.05) 0.1630 (0.04)
UG L8B 0.5906 (0.20) 0.4666 (0.03) 0.8466 (0.04) 0.0196 (0.02) 0.1166 (0.03)
UG Q7B 0.6139 (0.19) 0.4689 (0.07) 0.8780 (0.02) 0.0173 (0.01) 0.0880 (0.03)
UG QI4B 0.6217 (0.18) 0.4685 (0.08) 0.8923 (0.03) 0.0170(0.01) 0.0730 (0.02)
Geo L8B 0.0471(0.10) 0.3642 (0.09) 0.8778 (0.05) 0.0099 (0.01) 0.0917 (0.04)
Geo Q7B 0.0529 (0.11) 0.3787 (0.11) 0.8849 (0.04) 0.0104 (0.01) 0.0864 (0.04)
Geo QI4B 0.0546 (0.11) 0.3737 (0.10) 0.8833 (0.04) 0.0107 (0.01) 0.0871 (0.05)

Table 2: MAUVE, A-score, and performance against oracle model across models and prompt shift axes. MAUVE
(0-1) measures distributional similarity between ID and OOD prompt distributions by estimating Type I and Type II
errors in language generation (higher is more similar). A-score (0-0.5) measures the likelihood that a random OOD
prompt is representative of the ID distribution (0.5 implies no shift, lower is more shift). Loss/Win/Tie Rate reflect
the proportion of head-to-head response comparisons in which the model trained on shifted-distribution prompts
performs worse than, better than, or equivalently to the oracle model (trained on prompts from the same distribution
as the evaluation data). Models: Llama3-8B (L8B), Qwen2.5-7B (Q7B), Qwen2.5-14B (Q14B). Axes: Time, User
Group (UG), and Geography (Geo). All three natural shift axes degrade performance, with an average loss rate of
73%, and this degradation is consistent across model architecture and size. Scores are mean (standard deviation).

vs oracle model as described in Section 2.2) results
for each model, averaged for each natural prompt
shift axis. We see that the prompt shifts found in
Section 3.1 are consistent across model families
and sizes. With average loss rates of 0.44, 0.88
and 0.88 compared to win rates of 0.37, 0.02, and
0.01 for time, user group, and geographical shift
settings, respectively, performance degradation in
OOD settings is consistent in all three models, re-
gardless of model size or family. We find that per-
formance drop across user group and geographical
splits is particularly high, with average loss rates of
87% and 88%, indicating that instruction following
ability generalizes poorly across user groups and
geographical splits. These results indicate that in-
struction following ability learned from real-world
user prompts does not transfer in natural prompt
shift settings.

3.4 Towards Identifying Underlying Prompt
Shift Trends

We have shown that instruction following ability
learned from real-world user prompts does not nat-
urally transfer in dynamic deployment settings. To
motivate future investigation into the underlying
drivers of this natural prompt shift, we conduct
an initial qualitative analysis of 30 representative’
prompt pairs sampled from ID and OOD splits

“Details of the sample selection and labeling process is
given in Appendix D, along with three examples per axis.

along each axis (90 total). Representative exam-
ples from each axis are shown in Table 3.

Over Time. Representative prompts from later
time periods tended to be longer and more struc-
turally elaborate, with explicit formatting con-
straints and instructions, while earlier prompts
were more exploratory and casual. These ob-
servations are consistent with prior findings that
user behavior evolves as familiarity with model
capabilities grows (Ma et al., 2024; Tafreshipour
et al., 2025), suggesting that temporal prompt shift
may reflect changing user expectations rather than
purely topical drift.

Between User Groups. Representative prompts
across user groups revealed systematic differences
in how distinct populations conceptualize and en-
gage with the model. High-volume users, for ex-
ample, showed evidence of templated, repetitive
prompting, suggesting workflow integration rather
than exploratory use—for example, variations of
the templated ID prompt in row 2 of Table 3 was
sampled several times in our manual analysis. Low-
volume users exhibited more eclectic, less pat-
terned prompt distributions spanning a wider range
of domains and task types. These patterns suggest
that user group-level shift may reflect systematic
differences in how distinct user populations concep-
tualize and engage with deployed LLMs, consistent
with the high ID model loss rates (avg. 88%) ob-
served for this axis in Section 3.3.
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Axis

ID Prompt

OOD Prompt

(Month 4) Make up sentences with this word: impar-

(Month 9) As a prompt generator... you will cre-
ate image prompts for the Al to visualize... I will
give you a concept, and you will provide a detailed

Time tial prompt for Midjourney Al to generate an image...
Please adhere to the structure and formatting below,
and follow these guidelines...

(High Volume) give me a response to {message} to

User Group send in a discussion, VERY SHORT, CONCISE & (Medium Volume) write some Eating disorders that
CLEAR. ONLY RETURN THE RAW MESSAGE, will be taught for nutritional biochemistry course
DO NOT SAY "Hey here is the message you asked"

Geography (Massachusetts) write a comedic and vividly detailed ~ (Paris) explique de maniere claire pour ma documen-

story set in the TV show Z Nation about 10K ...

tation ma pipeline ...

Table 3: Representative ID/OOD prompt pairs illustrating qualitative shift trends along each natural prompt
distribution shift axis. We find that prompts instructions tend to become more specific over time, that high volume
usage is consistent with more templated prompts, and that geographically distinct prompts contain cultural and

linguistic differences.

Across Geographic Regions. In our manual
analysis, representative prompts from different ge-
ographic regions tended to reflect various cultural
differences (see example in Table 3), in addition to
linguistic variations potentially stemming from the
use of English as a second language or code-mixing
(Yang and Chai, 2025).

Our findings motivate future work on systematic
taxonomies of prompt shift categories and super-
vised probes for interpretable shift decomposition.
More broadly, our analysis suggests that evaluating
and mitigating natural prompt distribution shift is a
general challenge for any deployed LLM operating
over an evolving user base. Robust evaluation un-
der natural prompt shift will become increasingly
important for LLM reliability as deployment con-
tinues to scale and users continue to evolve.

4 Related Works

OOD Robustness in LLLMs Recent work has ar-
gued that many OOD tests do not represent a suf-
ficient probing of LLM robustness (Gupta et al.,
2024; Teney et al., 2023). This is a pronounced
issue in NLP, where the definition of OOD data
can be less clear-cut compared to other machine
learning settings, partially because of the difficulty
of defining a natural distributional model of natu-
ral language (LeBrun et al., 2022; Ilia and Aziz,
2024). Some prior works have presented thorough
evaluations of OOD robustness in LLMs by system-
atically selecting ID and OOD dataset pairs across
a wide variety of common tasks, including some in
NLP (Yuan et al., 2023; Wenzel et al., 2022). These
focus on task-specific OOD robustness, where the
LENS framework focuses on OOD robustness to
user prompting in deployment and measures distri-

bution shift in an unsupervised manner.

Data-Centric Distribution Shift Evaluation in
NLP Prior works have investigated temporal shift
in language processing tasks such as document clas-
sification, named entity recognition, language mod-
eling, and sentiment classification (Agarwal and
Nenkova, 2022; Biesialska et al., 2020; Loureiro
et al., 2022; Lazaridou et al., 2021; Huang and Paul,
2018; Jang et al., 2024; Luu et al., 2022). Other
works have analyzed LLM performance by assess-
ing the relationships between pre-training data term
frequencies and downstream performance (McCoy
et al., 2023; Razeghi et al., 2022; Kandpal et al.,
2023; Elazar et al., 2022). Other works have inves-
tigated robustness of LLMs to changes in instruc-
tions (Sun et al., 2024; Mizrahi et al., 2024; Gu
et al., 2023). We are the first to measure natural
prompt shifts and examine the impacts on LLMs in
deployment.

5 Conclusion

We introduced the LLM Evaluation under Natural
prompt Shift (LENS) framework for analyzing the
relationship between instruction tuning dataset dis-
tributions and user prompt distributions in deploy-
ment. We find that natural prompt distribution
shifts correlate with LLM post-deployment perfor-
mance degradation. We provide the LENS frame-
work and our findings to facilitate future research
in evaluating and mitigating LLLM performance loss
under natural prompt distribution shift.

6 Limitations

Large scale evaluation of LLMs is expensive: our
evaluation required an estimated 1,200 GPU hours
on a single A100 between model training, response
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generation, and model-based shift measurement.
We choose to scale shift settings and models, but
this limits our investigation into explicit mixing
of distributions for diversity (Yuan et al., 2023),
and intersectionality (e.g. specific user groups over
time), which may be of interest in specific domains
(Devinney et al., 2024). We are limited by the
availability of real-world user prompt datasets with
temporal and user designations (Zhao et al., 2024b;
Zheng et al.; Kopf et al., 2023). We follow Wild-
Chat (Zhao et al., 2024b) in using LLM-As-Judge
in our evaluation, which is known to have some
limitations (Zheng et al., 2023; Krumdick et al.,
2025).
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A Complete Dataset Collection Details

To prepare the WildChat dataset for use in our ex-
periments, we begin with the version which has had
toxic conversations, and messages containing PII,
removed from the dataset'. We subset to obtain
only the 479k conversations which were classified
to be in the English language, and we also take only
unique prompts. To ensure that we have {query,
response} pairs available for LLM instruction fine-
tuning, we subset to consider only the first user
prompt and the first response from the OpenAl
model. This leaves us with a dataset containing
479k {prompt, model response} pairs which are
each associated with the timestamp of the initial
message and the hashed IP address of the user. As
seen in Figure 5, we then split the dataset across
three axes.

Time To bucket the dataset across time, we
sort the dataset by timestamp and divide it into
12 equally-sized buckets, which we refer to as
“months” for simplicity. To create {ID, OOD} pairs,
we are interested in evaluating how well an ID train-
ing dataset, comprised of all data up to a given
timestamp, performs in an OOD setting defined
by a certain “lag.” We randomly sample 1k OOD
evaluation data from each month N € {1,...,11}.
Oracle data for each OOD evaluation setting is a
randomly sampled 10k rows from all months up
to and including N, i.e. 0 <= Orcl <= N, en-
suring that there is no overlap between OOD eval
and oracle training data. This represents the no-
lag scenario. ID data is then randomly sampled
from each possible collection of months 0 <= M,
where M < N. This is the scenario in which some
amount of lag is introduced, and enables us to in-
vestigate the difference in performance between
models trained on lag = N — M data (ID) and no
lag data (oracle).

User Group One reason that prompt distribu-
tions may change in deployment is the introduction
of new users. We treat anonymized IP addresses
as proxies for unique users (Ye et al., 2024). As
most individual users do not submit a sufficient
number of prompts to train a model or analyze per-
formance trends in isolation, we divide users into
user groups based on two latent behavioral dimen-
sions: Adoption stage (early, medium, late), deter-
mined by when a user first appeared in the dataset;
and Query volume (low, medium, high), based on

1Oht’cps: //huggingface.co/datasets/allenai/
WildChat-1M
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volume early adopters perform for late
adopters with medium volume?
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How well does an LLM trained on
users in California perform in Tokyo?

Figure 5: We bucket the WildChat (Zhao et al., 2024b) dataset across three axes to create 192 natural prompt shift
settings, training a total of 81 models on 4.68M training instances, and evaluating on 57.6k total evaluation instances.
Here we give examples of each natural prompt shift setting, along with motivating research questions for each.

the rate of queries submitted per day. The three
buckets for adoption rate and query volume are de-
fined by the 33rd and 66th percentiles. This results
in 8 usable user groups (excluding late adopters
with low volume, due to insufficient data). For
each group, we sample 10k training and 1k evalu-
ation prompts. We consider evaluation scenarios
in which oracle training and OOD evaluation data
come from the same user group, and ID training
data comes from a different group, allowing us to
isolate the effect of introducing new user groups
on model performance.

Geography WildChat uses [P-to-location map-
pings to assign each query a geographic region.
These regions are recognized at the national and
state/city level. We consider city/state-level granu-
larity and select 9 regions with sufficient data cover-
age (5k for training, 1k for evaluation). These states
serve as coarse representations of distinct geograph-
ical regions and consist of California, Krasnodar
Krai, Massachusetts, Michigan, Moscow, New
York, Paris, Pennsylvania, and Tokyo. We con-
sider evaluation scenarios in which oracle training
and OOD evaluation data come from the same lo-
cation, and ID training data comes from a different
location, allowing us to assess performance under
natural geographic prompt distribution shift.

B Instruction Tuning Details

As highlighted in Section 2.2, we use three pre-
trained base models in our experiments. We first
use Qwen2.5-7B!! (Qwen et al., 2025), as this
model is open-source and has been used for other
work investigating instruction fine-tuning (Chen
et al., 2024; Dong et al., 2025). To investigate

"Qwen/Qwen2.5-7B

the relationship between model size and model
degradation under natural prompt distribution shift,
we employ the larger Qwen2.5-14B!2. Finally, to
compare the effects of natural prompt distribution
shift on a model from a different model family,
we use Llama3-8B'? (AI@Meta, 2024), which has
similarly been used to investigate instruction fine-
tuning (Zheng et al., 2024; Li et al., 2024). By
fixing a base model in our evaluation, we can con-
sider pretraining data and procedures to be fixed,
enabling us to isolate the effects of natural prompt
distribution shift on downstream performance.

In each case where a model is trained, we utilize
LLaMA-Factory (Zheng et al., 2024)'# to standard-
ize our training procedure. We train for 1 epoch
using a batch size of 4 on a single A100 (80GB)
GPU. We estimate each training run requires an
average of 2 GPU hours, for a total of 774 GPU
hours for model training.

We train using low-rank adaptation (LoRA) (Hu
et al., 2022), which has shown to be a performant
and efficient fine-tuning strategy (John Schulman,
2025; Zhao et al., 2024a). We configure our LoORA
adaptation with a rank of 8 and an alpha scaling
factor of 16. We use the AdamW optimizer with
weight decay of 0.01, linear learning rate sched-
uler with warmup over 10% of the training steps,
and gradient clipping at a norm of 1.0. We apply
mixed precision training using float16 to optimize
memory usage and training speed.

2Qwen/Qwen2.5-14B
3 meta-llama/Meta-Llama-3-8B
“https://github.com/hiyouga/LLaMA-Factory
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C Detailed Discussion of Distributional
Shift Measures in Natural Language

We detail three broad categories of distribution shift
measures for natural language, including the four
used in our analysis in Section 3 as well as several
others which could be used within the LENS frame-
work to analyze different types of natural prompt
distribution shift. Many of these measures are de-
signed for purposes other than distributional shift
estimation, for example evaluation of open-ended
text generation. However, all of these metrics op-
erate only on paired natural language distributions
P and @, thus they may be repurposed to mea-
sure the shift between any two natural language
distributions.

Embeddings-based measures utilize
semantically-meaningful multidimensional
text representations combined with traditional
measures of divergence to measure shifts in
language distributions. In order to not rely on the
bias of an external embedding model, the LENS
framework utilizes the LLM itself to embed user
prompts by employing mean pooling of of the
hidden state activations from the final layer of
the model’s encoder (Wang et al., 2024b). This
approach captures the model’s own semantic
representation of the text, aligned with the
LLM’s internal language processing mechanisms
rather than introducing potentially misaligned
representations from separate embedding models.

Pillutla et al. (Pillutla et al., 2021) introduce
embeddings-based measure MAUVE for measur-
ing open-ended text generation, which compares
a pair of text distributions by computing informa-
tion divergences in a quantized embedding space.
For a series of mixture distributions Ry = AP +
(1 —X)@Q, MAUVE estimates the area under the di-
vergence curve (created by varying A € (0,1)) by
quantizing the embedding space of embedding sam-
ples for efficient KL divergence calculation. The
goal of MAUVE is to simultaneously capture the
probability of Type I and Type II errors in machine
language generation — thus repurposing MAUVE
to measure divergence between prompt distribu-
tions D(P, Q) is meant to estimate the overlap
in relative frequency of prompts in P and Q). A
MAUVE score closer to 0 indicates higher shift
between prompt distributions.

Seegmiller et al. (Seegmiller and Preum, 2023)
introduce the A-score, which uses a similarity-
based statistical depth Ds(x;, P) to estimate how

representative a text x; ~ P is of the distribu-
tion. The A-score, A(P, (), estimates the proba-
bility that a randomly selected text y; from @ will
be more representative of distribution P than a
randomly-selected text ; from P, ie. A(P,Q) =
PriDs(X,P) < Ds(Y,P)]. The goal of the A-
score is to capture how well one text distribution
represents another. A A-score of 0.5 indicates an
equal likelihood of representation, and a lower A-
score indicates higher shift between prompt distri-
butions.

Other embeddings-based measures which may
be used within the LENS framework include Eigen-
Divergence (Abdulaal et al.), which was originally
designed for detecting hallucinations by measur-
ing semantic consistency across LLM outputs, and
average minimum distance (Binu Jose and Das,
2022), which estimates the smallest distance be-
tween two sets of text embeddings.

Language model measures utilize a reference
language model to estimate token sequence like-
lihoods, then estimate shift by utilizing token se-
quence likelihoods.

Perplexity is a fundamental measure in lan-
guage modeling that quantifies how well a prob-
ability distribution predicts a sample. Perplexity
evaluates a trained model’s ability to predict text
sequences by computing the exponential of the
average negative log-likelihood of tokens. For-
mally, perplexity is defined as PPLp(Q)

exp (-% > logpp(yi |y<i)) -
ity values indicate that the model assigns higher
probabilities to the observed sequences, suggesting
better predictive performance. Again, in order to
not rely on the bias of an external reference model,
the LENS framework utilizes the LLM itself, fine-
tuned on samples {X;}? ; ~ P to estimate per-
plexity of samples {Y;} ; ~ Q. This approach
captures how surprising prompts from the () distri-
bution appear from the perspective of P.

Lower perplex-

Other language model measures which may be
used within the LENS framework include zero-
shot concatenation perplexity (Lee et al., 2024),
which prompts a pre-trained language model with
concatenated samples from each distribution and es-
timates the pre-trained model’s expectation of one
sample following the other; KL divergence and
reverse KL divergence (Liu et al., 2024; Bu et al.,
2016), which measure the information loss when
one probability distribution is used to approximate
another, with KL divergence penalizing the model
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Table 4: We estimate natural prompt distribution shift between all 192 {ID, OOD} settings along with 72 random
sampling settings, using four distribution shift measures averaged across three models. We find that prompt
distributions shift significantly above average over time, between user groups, and across geographical location.
Results are reported as mean (standard deviation). Results for each of the 192 individual splits can be found in csv

format in supplementary materials.

Axis MAUVE A-Score Perplexity BLEU
Time 0.5358 (0.17) 0.4396 (0.05) 0.0100 (0.01) 0.2352 (0.18)
User Group 0.6088 (0.19) 0.4680 (0.06) 0.0075 (0.01) 0.4923 (0.24)
Geography  0.0516 (0.11) 0.3722 (0.10) 0.0186 (0.02) 0.1627 (0.24)
Random 0.9618 (0.01) 0.4991 (0.01) 0.0086 (0.01) 0.5689 (0.07)

for placing mass where the reference distribution
has little mass, and reverse KL divergence penal-
izing the model for failing to place mass where
the reference distribution has significant mass; and
JSD divergence (Lu et al., 2020) which provides
a symmetric alternative to KL divergence by mea-
suring the average distance from each distribution
to their mixture, making it particularly useful for
comparing distributions that have minimal overlap.

Statistical measures estimate divergence be-
tween prompt distributions based on explicit token-
level patterns and frequency distributions.

BLEU, originally developed for machine trans-
lation evaluation (Papineni et al., 2002), provides
a statistical measure of n-gram overlap between
text distributions. While traditionally used to com-
pare candidate translations against reference trans-
lations, we repurpose BLEU to quantify the sim-
ilarity between prompt distributions P and ) by
calculating the geometric mean of modified n-gram
precision scores across different n-gram lengths.
Specifically, BLEU computes the proportion of n-
grams in X that appear in Y, with a brevity penalty
applied to account for length discrepancies. Higher
BLEU scores indicate greater lexical similarity be-
tween distributions, capturing surface-level textual
patterns rather than deep semantic relationships.
This approach offers complementary insights to
embedding-based and reference-model-based mea-
sures and is particularly sensitive to structural and
phrasal overlap. By examining token overlap at
various n-gram levels (n = 1 to 4), BLEU offers
an estimate of lexical divergence between prompt
distributions, measuring explicit differences in vo-
cabulary usage, phrase construction, and local con-
textual patterns.

A common approach to estimating training
dataset/evaluation dataset overlap in NLP tasks is
to use n-gram overlap to determine whether eval-
uation samples exist in the training data (McCoy

et al., 2023; Razeghi et al., 2022; Kandpal et al.,
2023; Elazar et al., 2022). This approach is scal-
able, and provides a straightforward method for
detecting exact or near-exact duplicates, though it
may fail to identify semantic duplicates or more
complex forms of information leakage that don’t
preserve the same surface-level text patterns.

Other statistical measures include token rank
frequency (Zipf) (Holtzman et al., 2019), which
takes the KL divergence between discrete token
rank frequency distributions, a well-known prop-
erty of human text, and word mover score (Zhao
et al., 2019), which computes the minimum cost of
transforming a text from one distribution to a text
in another distribution.

D Towards Identifying Underlying
Prompt Shift Trends

The quantitative distribution shift measures re-
ported in Section 3.1 establish that natural prompt
distributions shift significantly over time, between
user groups, and across geographic regions, but
do not illuminate specific changes in the prompts
themselves. To motivate future investigation into
the underlying drivers of natural prompt shift, we
conduct an initial qualitative analysis of prompt
pairs sampled from ID and OOD splits along each
axis. For each axis, we randomly select 3 {ID,
OOD} splits. Within each split, we construct
10 shift-representative prompt pairs by sampling
source prompts from the 10% highest TTE depth
score (Seegmiller and Preum, 2023) (most source-
representative) ID prompts and target prompts
from the 10% lowest TTE depth (least source-
representative) OOD prompts. By sampling ID
prompts with high TTE depth (indicating they are
highly representative of the source distribution P)
and OOD prompts with low TTE depth (indicating
they are poorly represented by P and thus most
characteristic of the shift in target distribution @),
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Axis

ID Prompt

OOD Prompt

(Month 4) Make up sentences with this word: impar-

(Month 9) As a prompt generator for a generative

Time tial Al called “Midjourney”... I will give you a concept,
and you will provide a detailed prompt ...
(Month 5) [Format your response using markdown.
Time (Month 3) Write short 10 tweets: look at this beach ~ Use headings, subheadings, bullet points, and bold
right now to organize the information] If “Mom 2” is when the
first mother dies and the father remarries ...
(Month 5) Write an article on “Your Partner in Well-
Time (Month 3) Describe how DNA methylations can be  ness” ... Make sure that you don’t follow ai pattern
passed during replication. .. it should be as written with an intermediate level
writer ... Also add bold and italic.
(High Volume) give me a response to {message} to
User Group send in a discussion, VERY SHORT, CONCISE & (Medium Volume) write some eating disorders that
) CLEAR. ONLY RETURN THE RAW MESSAGE, will be taught for a nutritional biochemistry course
DO NOT SAY “Hey here is the message you asked”
(High Volume) give me a response to {message} to
User Group send in a discussion, VERY SHORT, CONCISE & (Medium Volume) I don’t suggest, your words is
CLEAR. ONLY RETURN THE RAW MESSAGE, under arest! ha-ha.
DO NOT SAY “Hey here is the message you asked”
(High Yolume) MS .SQL o Procedural .Integrlty (Medium Volume) Based on this job description for
Constraints, Declarative Integrity Constraints, Not .o .
User Group Null. Uni Defaul . . aPhD position ... write a CV for my past 3 years of
ull, Unique, Default and Check constraints, Pri . . )
. . work experience with 3-5 bullet points per role ...
mary Key and Referential Integrity ...
Geography (Pennsylvania) write a script about bobby petrino i(rléa;Slzccléuisr?egil)cli\gﬁfel{?);/ri\e/l(aillgoiftzﬂle{?)rsrﬁrrly];,ari:
losing to north dakota state 45-28 peror
(Massachusetts) write a comedic and vividly detailed (Paris) explique de maniére claire pour ma docurmen-
Geography  story set in the TV show Z Nation about 10K, before tation ma pipeline
he met Warren’s group ... p1p
Geography (Pennsylvania) write a script about georgia southern ~ (Moscow) Alice Flamand is young married socialite

college asun

in 1973 who is attacked by unknown assailants ...

Table 5: Additional examples of representative prompts pairs along natural prompt distribution shift axes.

each prompt pair is constructed to reflect the con-
trast between typical in-distribution prompts and
prompts most emblematic of the distributional shift.
This results in 30 pairs per axis and 90 total. We
manually label any observable differences, e.g. in
topic, register, linguistic complexity, task type, and
specificity. We emphasize that this analysis is ex-
ploratory, intended to surface hypotheses and moti-
vate future work rather than draw statistically gen-
eralizable conclusions. In addition to our examples
and discussion in Table 3 in Section 3.4, we give
three representative examples from each axis in
Table 5.

E Tabular Results of Prompt Distribution
Shift Over Time, Between User Groups,
and Across Locations

As discussed in Section 3.1, the LENS framework
measures natural prompt distribution shift using
four unsupervised measures of distribution shift:
MAUVE (lower MAUVE indicates more shift),
A-score (lower A-score indicates more shift), per-
plexity (higher perplexity indicates more shift), and
BLEU (lower BLEU indicates more shift). Here

we give aggregated results over all 3 models in each
of the 192 {ID, OOD} settings across each axis:
time, user group, and geographical location. To
compare these estimates against a baseline amount
of shift which would be expected in random sam-
pling, we also measure shift between 72 dataset
pairs randomly sampled from all English WildChat
prompts.

As shown in Figure 3, and in tabular format
in Table 4, significant natural prompt distribution
shifts are observed across all three axes. The geo-
graphical location axis exhibits the strongest shift
across all 4 shift measures, for example with a
mean MAUVE score of just 0.05 compared to 0.96
baseline random, 0.61 user group, and 0.54 time.
This indicates that different geographical behav-
ioral patterns are strongly associated with changes
in prompt characteristics. While we subset to only
consider English prompts in the WildChat dataset,
we hypothesize that part of this measurable differ-
ence may be due to different English dialects, a
well-known problem for LLMs (Srirag et al., 2025).
Natural prompt distribution shifts are also strong
between time-shifted datasets, e.g. with an aver-
age MAUVE score of 0.54 vs the random base-
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Table 6: ID model loss, win, and tie rates against the oracle model, averaged across 192 {ID, OOD} settings and
three models for a total of 57.6k OOD evaluation prompts. We find that models trained on prompts from specific
user groups and geographic regions perform particularly poorly in OOD settings, recording 87% and 88% loss
rates vs the oracle model trained on OOD data (disjoint from evaluation OOD data). Results are reported as mean
(standard deviation). Individual performance for each of the 192 splits can be found in csv format in supplementary

materials.
Axis Loss Rate vs Oracle Win Rate vs Oracle Tie Rate vs Oracle
Time 0.4435 (0.05) 0.3706 (0.05) 0.1586 (0.04)
User Group 0.8723 (0.04) 0.0180 (0.01) 0.0926 (0.03)
Geography 0.8820 (0.05) 0.0103 (0.01) 0.0884 (0.04)

line MAUVE score of 0.96. While user groups
based on adoption rate and usage volume exhibit
the least natural prompt distribution shift among the
three axes which we evaluate, the average MAUVE
(0.61), A-score (0.47), and BLEU (0.49) scores in
this group still indicate measurable distributional
shift compared to baseline (0.96, 0.50, 0.57 average
MAUVE, A-score, and BLEU scores respectively).
These results show that prompt distributions en-
countered by deployed LLMs can vary substan-
tially depending on when the model is used, who
is using it, and where they are located. We give
aggregated results in Table 4.

F Tabular Results of LLLM Performance
Degradation Over Time, Between User
Groups, and Across Locations

As discussed in Section 3.2, the LENS framework
evaluates LLM OOD performance by comparing
trained models against oracle models trained on
OOD data. We train and evaluate three pairs of
ID/oracle models for each of the 192 {ID, OOD}
settings described in Section 2.1. Each evaluation
is on 100 OOD evaluation prompts (disjoint from
oracle training data) for a total of 57.6k evaluation
prompts, generating an ID model response and an
oracle model response, then using GPT-4o to judge
which model response better follows the user’s in-
structions (Zhao et al., 2024b). See Figure 7 for the
full LLM-As-Judge evaluation prompt.

Average model loss, win, and tie rates against the
oracle model for each axis can be seen in Figure 6.
We find that models trained on prompts from spe-
cific user groups and geographic regions perform
particularly poorly in OOD settings, each recording
88% loss rate vs the oracle model trained on OOD
data. We also find that models trained on time-
shifted prompts perform poorly on OOD/*“future”
prompts, with a 44% loss rate against the oracle
model and only a 37% win rate. We give aggre-

gated results in Table 6, and full results across all
192 splits can be found in csv format in supplemen-
tary materials.

G User Prompt Shift and Model
Degradation Across User Group and
Geography Axes

Figure 6 graphically presents selected performance
results in the user group and geography settings.
In settings where shift is particularly pronounced
(low MAUVE), we observe extreme performance
drops in OOD settings: ID model loss rate exceeds
88% on average. In the few cases where MAUVE
indicates a lower distributional shift, ID models
perform slightly better: for example, the model
trained on prompts collected from users in Tokyo,
which has a low estimated natural prompt distribu-
tion shift from the OOD setting of user prompts
from California (MAUVE = 0.54), performs rela-
tively well: 77% average loss rate as opposed to
the 88% average loss rate.
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Prompt Distribution Shift and Model Loss Rates

Between User Groups Across Geographical Locations
0.7700 0.9000 0.8900

5 0.8900 0.8500 Early Adopter 0.0079 0.0708 Tokyo
S| 0.5419 0.5892 e LR GACT : :
a 0.8500 0.8500 N York 0.8600
] ew Yor!
_‘05 0.8400 |  g.py Adopter 0.8400 | |0.2204 0.0083 0.0870
- Xy Medium Volume 0.9200 L 0.9200 0.9100
= Michigan
Ig 0.8700 0.8600 0.0089 0.0101 0.0083
a| Early Adopter : : L 0.9100 0.8800 0.7300
- Low Volume 0.9298 0.5292 California

8 .5 0.0091 0.2357 0 4

OOD Evaluation Distribution
Model Loss Rate (darker = lower loss) W Prompt Distribution Shift (MAUVE) (darker = less shift)

Figure 6: Natural prompt distribution shift (green, with darker meaning less shift) and ID model loss rate (orange,
with darker meaning a lower loss rate against the oracle model) are frequently correlated, both between user
groups and across geographic regions. For example, users within California and Tokyo exhibit less natural prompt
distribution shift than across other regions. Models trained and evaluated on user prompts in these settings also
record lower OOD performance loss.

LLM-As-Judge Prompt: Please act as an impartial judge and evaluate the quality of the responses
provided by two Al assistants to the user question displayed below. You should choose the assistant
that follows the user’s instructions and answers the user’s question better. Your evaluation should
consider factors such as the helpfulness, relevance, accuracy, depth, creativity, and level of detail of
their responses. Begin your evaluation by comparing the two responses and provide a short explanation.
Avoid any position biases and ensure that the order in which the responses were presented does not
influence your decision. Do not allow the length of the responses to influence your evaluation. Do not
favor certain names of the assistants. Be as objective as possible. After providing your explanation,
output your final verdict by strictly following this format: “[[A]]” if assistant A is better, “[[B]]” if
assistant B is better, and “[[C]]” for a tie.

[User Question]

{question}

[The Start of Assistant A’s Answer]

{answer_a}

[The End of Assistant A’s Answer]

[The Start of Assistant B’s Answer]

{answer_b}

[The End of Assistant B’s Answer]

Figure 7: Prompt for comparing ID and oracle model responses to OOD evaluation prompts, following WildChat
(Zhao et al., 2024b).
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