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Abstract

After deployment, machine learning models often experience performance degra-
dation due to shifts in data distribution. It is challenging to assess post-deployment
performance accurately when labels are missing or delayed. Existing proxy meth-
ods, such as data drift detection, fail to measure the effects of these shifts adequately.
To address this, we introduce a new method for evaluating binary classification
models on unlabeled tabular data that accurately estimates model performance
under covariate shift and call it Probabilistic Adaptive Performance Estimation
(PAPE). It can be applied to any performance metric defined with elements of the
confusion matrix. Crucially, PAPE operates independently of the original model,
relying only on its predictions and probability estimates, and does not need any
assumptions about the nature of covariate shift, learning directly from data instead.
We tested PAPE using over 900 dataset-model combinations from the US census
data, assessing its performance against several benchmarks through various met-
rics. Our findings show that PAPE outperforms other methodologies, making it a
superior choice for estimating the performance of binary classification models.

1 Introduction

The final step in the machine learning (ML) model development process is to evaluate the model on
an unseen dataset, known as test set. Successful performance on this dataset, indicating potential
business value, typically leads to the model’s deployment to production. The model’s performance
on the production data is expected to match the performance measured on the test set [[1]. Yet, this
assumption often fails due to data distribution shifts that lead to model performance degradation [2]].
Therefore, ongoing monitoring of the model’s performance is essential to ensure it continues to meet
expected outcomes. However, measuring real-time performance is challenging in many scenarios
because true labels are either unavailable or significantly delayed.

In scenarios where labels are unavailable, performance is commonly estimated using proxy methods
that primarily monitor changes in the input data distribution [3]]. However, such changes in input data
often have only a minimal effect on the model’s actual performance [4]], and even when there is a
notable effect, it might not be harmful [5]. Additionally, the methods used to measure changes in the
input distribution typically provide estimates in units that do not correspond to performance metrics.
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Thus, at best, input data monitoring can offer some qualitative understanding of the performance
stability. When a distribution shift does occur, these methods do not provide any insight into the
direction or magnitude of the impact on performance. The true extent of performance changes only
becomes apparent once the labels become available, which may sometimes never happen. Until then,
the model might incur significant financial losses [6].

In recent years, a new approach of unsupervised accuracy estimation [1|] has produced several
methods to estimate model performance directly without access to labels. A notable shortcoming
of these methods has been that they focus solely on estimating the accuracy of a given classifier
model. However, accuracy is often not the most appropriate metric for assessing model performance,
which has recently motivated the shift of focus to unsupervised performance estimation [8]], where
estimators should be applicable to any classification metric, not just accuracy. In this paper, we extend
this line of work and present Probabilistic Adaptive Performance Estimator (PAPE), a novel method
for estimating any classification metric that can be defined using the elements of the confusion matrix.
PAPE is provably robust against covariate shift. Furthermore, PAPE models the full distribution of
the estimated metric, which can be leveraged to produce valid confidence intervals for the estimates.

With these estimates, the impact of changes in model performance on business operations can be
quantified, allowing informed decision-making about corrective adaptations. These may include
altering how model predictions are utilized in downstream processes, determining if model retraining
is required, or whether some fail-safe mechanism should trigger.

The main contributions of this paper are the following:

* We introduce PAPE, a novel method for estimating model performance under covariate shift.
PAPE can be applied to any classification metric that can be defined with elements of the
confusion matrix. Importantly, PAPE autonomously learns from the data without any user
input regarding the nature of the covariate shift.

* We provide theoretical guarantees for the estimation quality of PAPE and derive bounds for
its estimation error under approximate calibration for composable metrics.

* We demonstrate PAPE’s effectiveness empirically. Our experiments show that PAPE signifi-
cantly outperforms all previous methods across all metrics evaluated.

2 Related Work

In recent years, there has been a surge of new suggested methods seeking to solve the unsupervised
accuracy estimation problem. Importance Weighting (IW) [9]] is a simple but powerful method used in
model adaptation [LO] that can also be used to estimate model performance. IW calculates a likelihood
ratio of observing test set input data in production and uses this ratio to estimate performance for
production data as a weighted metric calculated for the test set data. An extended version of IW [11]
incorporates knowledge about the differences between test and production data distributions and their
impact on performance, but requires the user to specify this information a priori.

A set of methods is based on training an ensemble of models and comparing their predictions [125[7;
13]]. Other approaches requiring additional training include Contrastive Automated Model Evaluation
(CAME) [[14], where the model training objective is augmented with a contrastive learning component,
and reverse testing (RT) [15]], which uses the monitored model predictions as labels to train a reverse
model on production data. The reverse model’s performance on the test dataset is then assumed to
indicate the monitored model’s performance on the production data. Whilst these approaches offer
promising results, they cannot be applied off the shelf but require additions or alterations in training
the model being estimated, and often come with a significant computational overhead.

Another set of methods measures distributional distances between the test and production data
distributions [[16} [17; 18} |19] and either tries to identify the change in performance directly based
on this distance or by training a light-weight regressor model that is used to map the distance into a
change in performance. The main challenge of these methods is in translating the measured distance
into a meaningful performance estimate, either requiring the creation of multiple synthetic shifted
data distributions to train the regressor [16] or resorting to quantifying the shift in performance in
terms of some secondary metric such as correlation [[18]].



In this work, our main interest lies in methods that utilize the model’s confidence in estimating its
performance. Average Confidence (AC) [20] was originally suggested for Out-of-Distribution (OoD)
detection but has since become the de facto baseline of confidence-based estimators [21]. Difference
of Confidence (DoC) [16] uses the difference between confidence scores from test to production data
and fits a regression model that maps this difference to accuracy. Average Thresholded Confidence
(ATC) [22] learns a threshold on confidence scores and estimates accuracy as the fraction of predic-
tions that exceed this threshold. Confidence Optimal Transport (COT) [19] measures prediction error
as a Wasserstein distance between the test set’s label distribution and the production set’s pseudo-label
distribution.

A key limitation of all of the above methods is that they are developed to estimate only classification
accuracy, whereas other classification metrics are often more appropriate and descriptive of model
performance. For example, in situations with severe class imbalance, a dummy model, which always
predicts the majority class, can achieve deceptively high accuracy [23]]. Recently, a new approach of
Confidence-based Performance Estimation (CBPE) [8] has been proposed to address this shortcoming
of previous estimators.

Since PAPE is essentially an extension of the CBPE method, we describe its key properties here (see
also Appendix [A). In CBPE, confidence scores produced by the model for a sample of predictions
are used to estimate the elements of the confusion matrix. Each element is treated as a random
variable following a Poisson binomial distribution whose full probability distribution is derived
using the confidence scores as parameters. Using the expected values of the distributions as point
estimates for the elements of the confusion matrix, these estimates have been shown to be unbiased
and consistent under perfect calibration [8]]. Having estimated the elements of the confusion matrix,
one can take any classification metric that can be defined in terms of these elements and derive the
distribution of the metric based on the distributions of the elements using an appropriate algorithm [8].
Again, the expected value of this distribution can then be used as a point estimate for that metric.
Additionally, one can produce valid confidence intervals for these metrics from the derived probability
distributions [8]].

Although CBPE is a theoretically sound approach to solving the unsupervised performance estimation
problem, its main downside is its reliance on model calibration, which is known to deteriorate under
certain distributional shifts [24]. This phenomenon undermines the usability of CBPE and all other
confidence-based estimators in a way that is currently not well understood. There have even been
conflicting reports on whether calibration in confidence-based estimators is useful or not [[16} 22].
In this work, we offer a remedy to this problem by augmenting the CBPE approach to make its
calibration more robust against distributional shifts, resulting in PAPE, which we will describe in the
following section.

3 Methodology

In this section, we present PAPE, a new algorithm for estimating model performance under covariate
shift. We begin by describing the setting in Section[3.1] Then, in Section[3.2] we define c-approximate
calibration along with some theoretical insights. Finally, In Section[3.3] we describe the PAPE method
and give a bound for its estimation error for certain metrics.

3.1 Unsupervised Performance Estimation Under Covariate Shift

Suppose we have trained a probabilistic binary classifier, where f : X — [0, 1] outputs a confidence
score for the positive class and g : [0,1] — {0, 1} maps these scores to binary predictions. The
classifier is trained using data from some source distribution D; = p,(x, y), where we have access to
labels. We further assume that the image of f is a countable set R(f), where each value v € R(f)
defines a levelset {x € X : f(x) = v}. We seek to estimate our model’s performance in a potentially
shifted target distribution D; = p;(x, y), where we have access only to samples from p;(x).

If no assumptions about the nature of the shift are made, the unsupervised performance estima-
tion task is impossible [25; [19]]. In this work, we make the most commonly used covariate shift
assumption [26], where the shift from the source to target distribution can be attributed solely to
changes in the marginal distribution of the covariates. That is, since any distribution can be factor-



ized as p(x,y) = p(y|x)p(x), we assume that the label-assigning conditional distribution remains
unchanged p;(y|x) = p;(y|x) while the marginal distribution of covariates shifts p,(x) # p:(x).

3.2 Approximate Confidence Calibration

As mentioned, a key shortcoming with confidence-based estimators has been the dependence on
a small calibration error, which f is not guaranteed to achieve out-of-the-box. The simplest way
to fix this is to use a small amount of validation data from the source distribution to train a post-
hoc calibration mapping ¢ : [0,1] — [0,1] to minimize the expected absolute calibration error
Ep, [|Pp, (Y =1|e(f(X))) —e(f(X))]]. Unfortunately, even if calibration error is eliminated in
the source distribution, it typically remanifests in the target distribution under covariate shift [24].

Previous research has provided theoretical guarantees for confidence-based performance estimation
in the ideal situation of perfect calibration [8]. In this work, we generalize this scope to approximate
calibration. Recently, in Al-fairness research, researchers have borrowed ideas from the field of
differential privacy [27]], which has led to the notion of a-approximate calibration defined as follows:

Definition 3.1. Assume f is a model f : X — [0, 1] with a countable set of values R(f), and that
«a > 0. We say that f is a-approximately calibrated in D, if:

K(fD) = 3 Polf(@) =)

vER(f)

Eply | f(®) = v] —v| < a. M

Note that by setting @ = 0, we get the commonly used definition of perfect calibration [28]] (marginal-
ized over all possible values f can take) as a special case. Calibration in this sense is a marginal
guarantee, since the left-hand side of the Inequality is an average over the whole distribution.
In fairness research, it has become apparent that such guarantees should also apply conditionally
on some properties of the instance, such as group membership. Otherwise, a model might be well-
calibrated overall, but yield a high bias for some (possibly protected) minority groups. This has led to
the notion of multicalibration, which we will define in its general form.

Definition 3.2. Assume f is a model f : X — [0, 1] with a countable set of values R(f), H is a
collection of functions h : X — R, and @ > 0. We say that [ is a-approximately multicalibrated in
D with respect to H, if Yh € H:

K(f,D,H)= > Pp(f(z)="0)

veR(f)

Ep[h(z)(y —v) | f(z) = v]| < . @)

Here, the functions h were originally indicator functions for group membership for groups of interest,
but this was later generalized to any real-valued functions to allow for weighted memberships [29].
Recently, H was used as a hypothesis space for density ratio estimation (DRE) models, which are
used to approximate the true likelihood ratios ws_,+(x) = I’j ’Ez)) under subpopulation shift [30]. For

this setting, we have the following theorem:

Theorem 3.1. Assume that ps(y|x) = p:(y|x) and that f is a-approximately multicalibrated in D
with respect to H. If ws—; € H, then K(f,D;) < .

In addition to providing a proof of this theorem in Appendix we will also give an upper bound
for the calibration error in D; when wg_,; ¢ H and some h € H is used to approximate w_,; instead
(in Appendix [B.3). Multicalibration in this setting is used to anticipate potential changes in the
marginal distribution p(«) a priori and to approximately adapt to all such changes simultaneously.
Although algorithms for achieving multicalibration exist, they are computationally demanding [27].
This problem becomes increasingly difficult with the size of # [29]], which can be infinite when
considering all possible ways a distribution can shift. PAPE circumvents this problem by extracting
data from an actual shifted distribution and fitting a calibration mapping to exactly that distribution,
essentially becoming multicalibrated with respect to an H that has only one member. We will describe
the details of this process next.

3.3 Probabilistic Adaptive Performance Estimation (PAPE)

In this section, we introduce PAPE and explain how it extends CBPE by addressing CBPE’s main
limitation: maintaining calibration under covariate shift. Let Y = g¢(f(X)) denote the binary



prediction and m : ) x ) — R be a binary classification performance metric with some unknown
expected value m ¢, p,) = Ep, [m(Y,Y)] in distribution Dy, where we don’t have access to labels.
However, we do have access to labels in some source distribution D;. Assume that f is already
trained with data from D,. We start by collecting (i.i.d.) random samples {(X7?,Y;?)}!2; ~ ps(x,y)

1
and {X]’ ;‘;1 ~ pt(x), and training a DRE model from a hypothesis space of binary classifiers

H C{h|h:X — {0,1}} defined by the learning algorithm of user’s choice as follows.

First, we assign indicator labels z; = 0 to all X and z§ =1toall X;. Next, we concatenate the

features X5t = [X*; X*] € R("s+m)xd (where d is the dimensionality of X') and their corresponding
indicator labels 2% = [2%; 2! € R™= ", Then, we use (X **, 2%") as training data for the DRE model
that learns to discriminate between samples from the source and target distributions as described
in [31, chapter 2.7.5]. Once the best-fit DRE model h* € H is found, we can use it to estimate the
probabilities of observing instances x; from the source distribution within the target distribution,
formally P(z; = 1| X7 = «}) = h*(«]). Finally, we can approximate w,_,; with

~ sy s h* (x3)
oot = T ey

3
and train a weighted calibration mapping c by fitting it to {(f(X}),Y;?)}2, using Ws_.(x}) as
weights. Once the calibrated scores ¢(f(X7})) are available, they can be used to derive performance
estimates with CBPE without access to labels from the target distribution [8]].

As a side note, one would typically choose a dedicated calibration mapping [32} 33 [34] for this
purpose, as they enforce monotonicity, keeping the ranking of the scores and the resulting binary
predictions unchanged. However, with PAPE, one can use any regression model of choice as the
calibration mapping since the calibrated scores are used solely for performance estimation purposes
and don’t affect the binary predictions in any way.

If c o f is perfectly calibrated in Dy, the theoretical guarantees from CBPE [§] carry over, and
PAPE estimates are guaranteed to be unbiased and consistent. However, since perfect calibration
is unattainable in any real-life situation, let us next explore the relation between calibration error
and PAPE estimation error in a limited setting: Some performance metrics, such as accuracy and
precision, can be calculated as a mean of observation-level values. We call such metrics composable.
For any composable metric m, the PAPE estimate can be written as

M(cof.g.00) = Epy(a) [c(f(@))m (§,1) + (1 = c(f())) m (9,0)] . )

In practice, this expectation is approximated with the sample mean. For any composable metric, the
estimation error of PAPE is bounded by the calibration error as described by the following theorem,
which we will prove in Appendix

Theorem 3.2. Let c o f be a-calibrated in D;. Also, assume that | has a countable image set R(f),
m is a composable metric with 0 < m(y,y) < 1, and that 1 is its PAPE estimate. Then,

IM(f,9,D,) = Micof,g, D) < .

For metrics that are not composable, such as the F; score, the above bound is not guaranteed to
hold. However, our empirical experiments show that the PAPE estimates are superior to any other
unsupervised performance estimation method for these metrics as well. We will present these findings
next.

4 Experimental Evaluation

This section describes our experimental setting, where we evaluated and compared the proposed
method against existing benchmarks. We describe the datasets we used in Sectiond.1] The experimen-
tal setup, along with the ML models whose performance was estimated, is described in Section[d.2]
We provide practical implementation details of the evaluated benchmarks in Section (see also
Appendix [A). In Section .4 we propose novel evaluation metrics suitable for aggregating over multi-
ple dissimilar evaluation cases and present the results of our experiments in terms of these metrics.
We ran additional experiments with data from the recently published TableShift benchmark [35]] and
explored the effect of sample size on the estimators. These experiments are described in Appendix [D]



4.1 Datasets

The datasets we used to evaluate the method come from Folktables [36]]. Folktables uses US census
data and preprocesses it to create a set of binary classification problems. We used the following tasks:
ACSIncome, ACSPublicCoverage, ACSMobility, ACSEmployment, ACSTravelTime. For each of
the five prediction tasks listed above, we fetched Folktables data for all 50 US states spanning four
consecutive years (2015-2018). This gave us 250 datasets.

4.2 Experimental Setup

We started by separating the first-year data (2015) in each fetched dataset and used it as a training
period. For each resulting training data set, we fitted five commonly used binary classification
algorithms: Logistic Regression, Neural Network Model [37]], Random Forest [38]], XGBoost [39],
and LGBM [40] with default parameters. We used these models to predict labels on the remaining
part of the datasets. We recorded both binary predictions and confidence scores for the positive class.
This resulted in 1,250 dataset-model pairs, which we call evaluation cases.

The rest of the data for each case was further divided into two periods - reference (the year 2016) and
production (2017, 2018). Reference data was used to fit the performance estimation methods with
model inputs, model outputs, and actual labels. Production data was further split into data chunks
of 2,000 observations each, maintaining the order of the observations. The realized performance of
the monitored model was recorded for each data chunk based on the monitored model’s outputs and
actual labels. The performance of the monitored model for the same chunks was then estimated based
on the monitored model’s inputs and outputs.

For each production data chunk, we compared the realized performance and the estimated performance
for each performance estimation method. We filtered out evaluation cases with fewer than 6,000
observations (3 chunks) in the reference data set and cases where the performance of the monitored
model on the reference data was worse than random (that is, with an AUROC lower than (0.5). After
this filtering, we ended up with 959 evaluation cases, containing 36,557 production data chunks
(evaluation points) for each evaluated methocﬂ We measured the estimation performance of each
method with three metrics: Accuracy, F; score, and AUROC. Figure [T| shows an example of an
AUROC estimation result.

0.92
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Reference data - 2016
0.80 Production data - 2017, 2018
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Figure 1: Estimation of AUROC for ACSIncome data (California) and LGBM as the monitored
model. The black line is the realized AUROC of the monitored model for each data chunk. The red
line is the AUROC estimated with PAPE. The brown dashed line is the TEST SET performance.

4.3 Benchmarks

Below, we describe the benchmarks that were evaluated against PAPE and their implementation
details. We omit MANDOLINE [[11] as it requires user input on the nature of the covariate shift.

>We used a single 11th Gen Intel i7-11800H 2.30GHz machine; computation took over 120 hours.



PAPE We implement PAPE as described in Section We use an LGBM [40] Classifier as the
DRE model, and an LGBM Regressor for the calibration mapping, both with default hyperparameters.
We assume that the reference data originates from the source distribution D, and that each production
data chunk originates from some target distribution D;, which is potentially different for each chunk.

TEST SET performance For each evaluation data chunk from production data, the performance
estimated by this benchmark equals the performance calculated on reference data (and typically,
the test set is chosen as the reference set). It is our baseline benchmark, representing the initial
assumption under which the model’s performance on the production data is constant and equal to the
performance calculated on the test set with reference data.

Confidence-based Performance Estimation (CBPE) CBPE [{8] is a simpler version of PAPE. We
train a calibration mapping as with PAPE, using reference data from Dy, but we do not use likelihood
ratios in training the mapping (it is equivalent to PAPE with w,_, fixed to 1 for all observations). This
results in a classifier that has a small calibration error with the reference data, but is not guaranteed to
be well-calibrated with the production data from D,.

Average Threshold Confidence (ATC) With ATC [22]], we take the raw scores provided by the
monitored model f(x) and apply the maximum confidence function to them, denoting it as MC:

f@), f(x) = 0.5

1— f(x), otherwise (5)

ME (@) = {
Then we use it to learn a threshold on reference data such that the fraction of observations above the
threshold is equal to the performance metric value calculated on reference data. When inferring, we
apply MC to the evaluation data chunk and calculate the fraction of observations above the learned
threshold. The estimated metric is equal to the calculated fraction.

Difference of Confidence (DoC) DoC [16] assumes that the performance change is proportional
to the change in the mean of maximum confidence (). To learn this relationship, we fit a Linear
Regression model on the difference of confidence between the shifted and the reference data as input,
and the difference in performance between these two as the target. In order to get datasets with
synthetic distribution shifts, we perform multiple random resamplings of the reference dataset.

Confidence Optimal Transport (COT) In binary classification, COT [19] finds the optimal
transport plan from the scores f(Xf) with {X{} ~ p;(z)" to the labels y§ with {y5} ~ p,(y)",
where n is the chunk size. The cost of this transportation plan is used as an estimate of the classification
error of f in D;. We estimate only accuracy with this method (see Appendix Al for details).

Modified Reverse Testing (RT-mod) Reverse Testing methods train a reverse model on production
data with the monitored model inputs as features and monitored model predictions as targets. This
reverse model is then used to make predictions on reference inputs, and its performance is evaluated
with the reference labels. The reverse model’s performance on reference data is a proxy for the
monitored model’s performance on the production data. We modify the method by additionally
fitting Linear Regression to relate the reverse model performance change with the monitored model
performance (just like in DoC).

Importance Weighting (IW) For IW, we first estimate density ratios ws_,; between reference and
production data with the DRE classifier, the same as we use for PAPE. Then, we use them as weights
to estimate the weighted performance metric of interest using reference data.

4.4 Evaluation

Performance estimation is a regression problem, which motivates the use of evaluation metrics such
as the Mean Absolute Error (MAE) or Root Mean Squared Error (RMSE). However, aggregating
MAE/RMSE over multiple models and chunks of data from different datasets leads to skewed and
uninterpretable results. Large MAE/RMSE for an evaluation case where the model’s performance
has a large variance might still be satisfactory. On the other hand, even small changes (in the absolute
scale) in performance might be significant in cases where the model’s performance is very stable.



To account for this scaling issue, we used normalized versions of MAE and RMSE, where we scaled
absolute/squared errors by the standard error (SE) calculated for each evaluation case. We first
measured SE as the standard deviation of the realized performance sampling distribution on the
reference data. We did this by repeatedly sampling 2,000 observations (the size of the evaluation
data chunk) at random from the reference data with replacement. Then, we calculated the realized
performance metric on each sample. We repeated this 500 times and calculated the standard deviation
of the obtained per-sample metrics - the standard error (SE). Then, for each evaluation case, we
divided the MAE and RMSE by SE and squared SE, respectively, resulting in normalized mean
absolute error (NMAE) and normalized root mean squared error (NRMSE), defined formally as

NMAE = Zz‘mw i
1= 1021 1j=1
(my; — i)’
NRMSE = g — Pag)
SE;

1111131

where ¢ is the evaluation case index ranging from 1 to k, j is the index of the production data chunk
ranging from 1 to ¢; (number of production chunks in a case ¢), and m; ; and m;_ ; are respectively
realized and estimated performance for case ¢ and chunk j. SE; is the standard error of the i-th
evaluation case. The results are shown in Table[T]

Accuracy AUROC F;
NMAE NRMSE NMAE NRMSE NMAE NRMSE
TEST SET 1.62 2.88 1.45 2.30 2.53 8.23
RT-mod  2.31 541 1.85 4.29 2.06 4.74

CoT 2.10 431 - - - -
ATC 1.58 2.79 1.90 3.52 2.97 9.06

DOC 1.13 1.80 1.37 2.75 2.56 8.52
CBPE 1.08 1.75 1.07 1.68 1.03 2.12
Iw 1.04 1.40 1.06 1.56 1.07 1.74

PAPE  0.97 1.28 0.99 1.45 0.90 1.34

Table 1: NMAE and NRMSE of the evaluated methods for each estimated metric.

PAPE, together with CBPE and IW, shows strong improvement over the TEST SET baseline. PAPE
significantly outperforms the second-best method for each estimation and evaluation metric (paired
Wilcoxon signed-rank test p < 0.001). PAPE result of NMAE equal to 0.97 for accuracy estimation
means that the estimation is, on average, less than 1 SE away from the realized performance. For
intuition, the NMAE of PAPE for the evaluation case shown in Figure[I]is equal to 1.11. The TEST
SET performance NMAE for accuracy is 1.68, indicating that accuracy changes significantly in the
production data chunks. If the performance was stable with only random normal fluctuations, the
NMAE of the TEST SET performance would be around O.SEI The changes for F; are much stronger,
as shown by the increased NMAE of TEST SET - 2.49. This explains why performance estimation
methods provide the strongest improvement compared to the TEST SET performance for this metric.
Additionally, we calculated NMAE and NRMSE for each monitored model type - PAPE consistently
outperformed IW for each of the monitored models and each estimation and evaluation metric.

We also analyzed each performance estimation algorithm’s accuracy across different levels of real-
ized performance changes. For relatively small realized performance changes (within +2SE), the
TEST SET performance baseline is sufficiently accurate. Any useful performance estimator should
outperform this baseline at least when the realized performance changes are significant (not within
+2SE). We sorted the data by the magnitude of the performance change and calculated the rolling
NMAE for 2SE-wide intervals. The results are shown in Figure 2]

3That is because the average absolute deviation for a normal distribution is \/g ~ 0.8 of its standard
deviation.
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Figure 2: Estimation errors (NMAE) of estimated metric vs. realized absolute change as SE for all
estimators. The x-axis indicates the center of the data bucket - for example, value 1 indicates a bucket
that contains data chunks for which the absolute performance change was between 0 - 2 SE. The left
y-axis shows NMAE of the evaluated method for the data bucket. The right y-axis shows the number
of data chunks in each bucket on a logarithmic scale as depicted by the grey dashed line.

For all the estimated metrics, PAPE shows the best estimation quality in nearly the whole evaluated
region. It gets significantly better than other methods when the change in realized performance is
large. IW and CBPE show comparable performance, with IW being more accurate in most buckets.
The RT and COT methods produce estimation errors, which render them unusable for all metrics
used in the experiment. The DOC and ATC methods are somewhat competitive when estimating
accuracy (for which they were designed) and when the change in realized accuracy is small enough.
For the other metrics, the estimation errors are too high for practical monitoring purposes.

5 Discussion

PAPE is perhaps best understood as an improvement over the CBPE method [8]. PAPE retains
all of the benefits of CBPE, such as applicability to multiple metrics instead of just accuracy, but
also addresses the problem of deteriorating calibration under covariate shift, which is the major
shortcoming of CBPE. Our experimental findings show that PAPE consistently outperforms CBPE in
all experiments. Alternatively, PAPE can be viewed as an in-between solution, trying to achieve the
best of both worlds of IW and multicalibration approaches.

Multicalibration requires post-processing, where the original model is iteratively updated through an
auditing process [29]]. This might result in predictions different from those of the original model. Also,
the hypothesis space H needs to be large enough to contain ws_;, or at least good approximations
of them, for any potential shifts. Unfortunately, especially in high-dimensional settings, this might
be infeasible or at least increase the computational burden significantly. In contrast, PAPE focuses
on one target distribution at a time, learning the density ratios required directly from the data. Thus,
PAPE does not need to compromise performance by trying to deal with multiple distributions at the
same time. PAPE is also non-invasive, making no alterations to the monitored model, which makes
it more suitable for monitoring purposes. In fact, the model being monitored does not need to be
calibrated at all, since PAPE provides calibration on the fly.

On the other hand, IW is known to suffer from high variance estimates when there is a significant
discrepancy between the source and target distributions [41]]. Since the labels used with IW are either
0 or 1, it is also susceptible to large sampling errors, especially in small sample settings that are
typical in model monitoring. Since PAPE uses soft scores from the interval [0, 1], it tends to smooth
out these sampling effects. We provide a more comprehensive comparative analysis of the variances
of PAPE and IW in Appendix [C]

5.1 Limitations

PAPE will not work under concept shift, that is, if ps(y|x) # p:(y|z). Also, when operating in a
covariate shift setting, the data may shift outside the support of the source distribution, which means



that there is a region S C X, where for all x € S we have p,(x) > 0 and ps(z) = 0. Weighted
calibration for instances from such regions is not possible as the weights w;_,;(x) are not defined.

PAPE hinges on calibration performance within the target distribution D,, which in turn depends on
good enough density ratio estimates. Both can be hard to achieve if not enough labeled reference data
is available to train the DRE model and the calibration mapping. This data demand increases with the
dimensionality of the covariates. As such, PAPE is most performant with low-dimensional data.

5.2 Future Work

Although we have described PAPE as a method for estimating the performance of binary classifiers,
extending it to multiclass classifiers is straightforward. For instance, in the case of macro-averaged
metrics - where performance is computed separately for each class in a one-vs-all manner and then
averaged - PAPE can be applied directly by estimating the per-class performance and averaging the
results. In fact, PAPE can be used to monitor the performance of any model that produces confidence
scores in addition to its predictions. We leave the details of this for future work.

One challenge with PAPE or any other method relying on density-ratio estimation is that estimating
these ratios becomes increasingly hard with high-dimensional data. Examining the sample complexity
requirements and relating those to the estimation quality of PAPE is an interesting and important
research question to be addressed by later research.

By using AUROC as an estimated metric in our experiments, we expanded the scope of CBPE to a
previously unestimated metric. We explain in Appendix [A]how this was done precisely. Contrary
to CBPE, where a full distribution for each metric is estimated, our approach with AUROC results
only in an approximation of the expected value of the metric. We intend to examine metrics such as
AUROC and AUPR further to provide a way to estimate the full distributions of these metrics, which
require calculations over multiple thresholds.

6 Conclusion

We introduced PAPE, an innovative approach for accurately estimating the performance of binary
classification models when faced with covariate shift. We examined its theoretical properties and
provided a bound for its estimation error for composable metrics under approximate calibration.
We performed rigorous testing for PAPE using real-world datasets drawn from US Census data,
introducing novel evaluation metrics essential for aggregating results over multiple datasets and
model monitoring scenarios. We analyzed over 900 model-dataset pairs and generated more than
36,000 data chunks for thorough evaluation. The results demonstrated that PAPE significantly
outperforms existing methods across all metrics assessed.
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A Implementation Details

In this section, we first explain how F; and AUROC were estimated for PAPE (and CBPE) in the
experiments in Sectiond] Then, we describe our implementation for estimating the same metrics with
ATC and DOC, since these methods were not originally intended for estimating any other metrics
besides accuracy.

A.1 Estimating F; and AUROC with PAPE

We omitted confidence intervals in our experiments to relieve the computational burden and because
only CBPE and PAPE are capable of providing these intervals. Thus, with CBPE and PAPE, we
resorted to deriving only point estimates. Let us recall equation (@):

M(cof.g. D) = Epy (@) [c(f())m (§,1) + (1 = e(f(2))) m (§,0)] .

One can use the sample mean to approximate this expectation and use the approximation in turn to
estimate the performance of composable metrics, such that can be calculated as a mean of observation-
level values, like accuracy. For other metrics, we start by estimating elements of the confusion matrix.
Assume we have a sample of n instances and that there are n positive and n_ negative predictions
in the sample. Then, as explained in [8], the elements of the confusion matrix can be estimated with:

n

= 1

TP = — > c(f(@:)) - 6
i3

— 1 & .

P2 (1= (/@) -9

TN = " e(f(a) - (1 - )

n

TN = 3" (1= e(f(@1)) - (1 - )

=1

With the estimated elements of the confusion matrix, one can estimate F; with:
— 2. TP
F1 N ==
TP+ FN +ny

If we treat the value of F; as a random variable X, , the approximation given in () converges to
E[X F, ] rapidly when n grows. This expectation, in turn, is an unbiased and consistent estimator of
F1 under perfect calibration. [§]]

6)

To estimate AUROC, the model’s binary predictions ¢ are not needed. We use the scores f(x)
returned by the classifier to define a new thresholding function h,,:

@ =g 0%

For each v € R(f) and for each x; in the sample, we can use §; = h,(f(x;), v) and estimate the
elements of the confusion matrix as explained above. Then, using these estimates, we can approximate
true positive rates (TPR) and false positive rates (FPR) as

Finally, we can calculate an estimate for AUROC with the approximated TPR and FPR. In our
experiments, we tried several different calibration mappings and settled on LGBM, since it gave the
best overall performance.
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A.2 Estimating F; and AUROC with Other Estimators

Since COT [19] is essentially estimating the 0/1 classification error, there is no clear way of how it
could be used to estimate metrics other than accuracy. For this reason, we left it out of experiments
where F; and AUROC were estimated. Although ATC [22] and DOC [[16] were also originally de-
signed for estimating only accuracy, we used the following procedures to expand them for estimating
other metrics as well.

When estimating the F; score and AUROC with ATC, we applied the same logic as with accuracy.
For accuracy, ATC finds a confidence threshold such that the fraction of instances from the reference
data set with predicted confidence score above the threshold matches model accuracy in the reference
set. With production data, the fraction of confidence scores above the same confidence threshold
is taken as the estimated accuracy for the production data. When estimating the F; and AUROC,
we similarly found confidence thresholds matching these metrics with reference data and used the
fraction of production data instances with confidence scores above those thresholds as estimates.

With DOC, we simulated distribution shifts by resampling reference data, as we did with accuracy.
We collected the F; and AUROCS and fitted a linear regression model with the difference of average
confidence between the reference and simulated sets as the single feature and the metric of interest as
the target (just as with accuracy). We did not apply calibration to the confidence scores for either the
DOC or ATC methods. Our reasoning behind this is that with DOC, the linear regression model is
indifferent with respect to any rescaling of the confidence scores. On the other hand, with ATC, we
found that the reported differences between the calibrated and uncalibrated versions of ATC with
binary classification in [21] using the models we included in our experiments were so minimal that
we chose to include only the variant that had a better reported overall performance, in this case, the
uncalibrated version.

B Proofs

In this section, we provide proofs for the theorems presented in the main paper. We begin with
Theorem 311

B.1 Proof of Theorem 3.1]

To improve readability, we start by proving two lemmas, which we can then leverage in the main
proof’l First, we make use of the following connection between the expectations of the source
Dy = ps(x,y) and target D; = p;(x,y) distributions:

Lemma B.1. Assume ps(y|x) = p:(y|x) and fix any S C X. Then, for any integrable function
F:X xY — R, we have:

Pp_(x € S)Ep, [wst(x) - F(x,y) | x € S] = Pp,(x € S)Ep,[F(x,y) | x € 5].

Proof.
PDS (a; S S)EDS [U)S_Hg . F(w,y) ‘ T € S}

/esps(m) cWs—t () ~Ep(y|w)[F(a:,y)] dx

_/:cesps(m) . 5:83;)) “Epyla) [F(z,y)] dz

/espt(ic) Ep(y\m) [F(:I%y)} dx
:PDt(w € S)E'Dt[F((E7y) | T € S]

Now, we can leverage Lemma B.T]to prove the following:

*Acknowledgement: Our derivations follow closely those of Prof. Aaron Roth on his "Learning with
Conditional Guarantees"|course, which he teaches at the University of Pennsylvania.
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Lemma B.2. Assume ps(y|x) = p:(y|x). Suppose f is a-approximately multicalibrated in D with
respect to H. Then, f is also a-approximately multicalibrated in Dy with respect to H s, where

Hs%:{’ﬁb(””):h(m)eﬂ}.

ws—>t(m)

Proof. Since [ is a-approximately multicalibrated in D, with respect to H, for every h € H, we
have:

o> K(fa D, h)

= Y Pp.(f(@)=0)[Ep[h(@)(y —v) | f(z) =]
vER(f)

= Y |Po.(f(®) =v)-Ep,[h(x)(y —v) | f(z) =]
vER(f)

= Y |nt@ =0 B, [u@) -0 | @) =
'uER(f) s—t

= % |t =0 [ - 0 | @ = |
'UER(f) s—t

=K (fa Dt7 wh ) )

where Lemma [B-T]is applied to each of the terms
h(z)

Pp,(f(z) =v) - Ep, [wﬁt(w) : (y —v) ] flx) = v]

Ws—t (m)

using S = {x: f(x) = v} andF(w,y):ﬂ(yfv). O

ws—s ¢ ()

We are now ready to prove Theorem[3.1] which we will restate here:

Theorem 3.1} Assume that ps(y|x) = pi(y|x) and that f is c-approximately multicalibrated in D
with respect to H. If ws—+ € H, then K(f,D;) < a.

Proof. Since we assumed that ws_,; € H, we can choose h = w,_,+ and apply Lemmato get

aZK(ﬁm%f )
— _ h(zx) B
= Ug%;f) Pp,(f(x) =v) - Ep, [w(y—v) ‘ f(x) = 1}] ’
= > Po(f(@) =v)[Ep, [(y~v) | Fw) =]
veER(f)

= K(f,Dt)

B.2 Proof of Theorem 3.2

In this section, we will offer the proof of Theorem 3.2] which we restate below:

Theorem Let c o f be a-calibrated in Dy. Also, assume that f has a countable image set R(f),
m is a composable metric with 0 < m(y,y) < 1, and that 1 is its PAPE estimate. Then,

I™M(f,9,0,) — Mcof,g,0)| < .
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Proof. We start by decomposing the calibration error as a sum of terms related to each levelset
{x € X : f(x) = v}. For each v, we assume that a calibration error «,, remains after applying the
calibration mapping c. Formally,

Epfy | f(z) =v]=Pp, [y =1]| f(z) = v] = ¢(v) + .
For any fixed v and deterministic ¢, clearly Ep, [c(v) | f(x) = v] = ( ), which yields us
Ep. [y | f(z) =v] = c(v) +
EDt[y ‘ f(iB) = ’U] _C(U) =0y
EDt[y_ C(U) | f(di = U] = Qy-

The total calibration error is then:

> Ppa)(f(x) =0)|Ep,[y — c(v)|f(=

veER(S)

Z P, m) x) =) |ay| < a.

vER(S)

f(x) = v} form a partition of X, for any

Furthermore, notice that since the levelsets {x € X :
W) = e nis) Portany(f (@) = v)F(v). Thus,

integrable function F" : [0, 1] — R we have E,,, () [F
we can write:

M(f,g,D) = EDt [ (g(f(m))vy)]
3N B (f(@) = 0)Ep, [m(g(f(2)).y) | f(z) =]

veER(f)

= Y P @) =) (mlg(0).1) - Po,(y = 1| f(@) = v) +

veR(f)

)]

m(9(v),0) - Po, (y =0 f(x) =v))
Z () (f () =) (m(g(v)7 1) (c(v) + o) +m(g(v),0) (1 = (c(v) + av)))

vER(S)

= Z (@) (f () =) (m(g(v), 1)e(v) +m(g(v),0) (1 — c(v))) +
vER(S)

> P (fl@) =) (av (m(g(v), 1) = m(g(v),0)))

vER(f)

= gm0+ D Poute(F@) = 0) (0 (mlg(v). 1) = m(g(v).0))).

veER(f)
which we can further manipulate as
Mir000 = Wirep) = D P (@) = 0) (ay(m(g(0),1) = m(g(0),0))). @
vER(S)

For any metric m with 0 < m(g,y) < 1, we have
Im(g(v), 1) —m(g(v),0)| <1
|l (m(g(v), 1) —m(g(v),0))| < |aw,
Thus, if we take the absolute values of both sides of Equation[7] we get

(a0 = W10 = | Y Pruto) (F(@) = 0) (0 (m(g(0), 1) = m(g(v),0)) )

vER(f)

= Z (a:) 'U) : |av(m(g(v)a1> 7m(g(v)30))|
vER(f)

S Z (:c) - U) |Oév‘
vER(f)

< a,

completing the proof. O
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B.3 Estimation Error Under Imperfect Weights

Our proof of Theorem [3.T]assumes that we have access to exact density ratios. Here, we will produce
an upper bound for the calibration error when we resort to approximating the weights with some
function h € H. To quantify the approximation error, we make use of the following definition:

Definition B.1. Assume that p;(y|x) = p:(y|x). For a function h : X — R, we write
e(h, wsst) = Ep, () [[(2) — wssi (@)]]-
Similarly, for any subset S C X, we write:

e(h,wst,S) = Ep @) [|h(x) —ws—e(x)| | € S].

Now, we can prove the following lemma:
Lemma B.3. Assume p,(y|x) = p:(y|x) and fix any S C X. Then, for any integrable functions
F:XxY—[-11and h: X — R, we have:

Pp (xel) Ep,[h(x) F(x,y) |x € SH

s

|
> |Pp,(x € S) - Ep,[F(z,y) | € S]| - Pp,(x €58)-e(h,ws—i,S).

Proof. We can use Lemma [B.T]to write

|Pp,(x € S)-Ep [h(z)  F(z,y) |z € S]— Pp,(x €S)-Ep,[F(x,y) | x € S|
= ’PDS (x € S)Ep,_[h(x) - F(x,y) | x € S] — Pp_(x € S)Ep, [ws—t(x)F(x,y) | x € SH
= Pp,(z € 5) - [Ep, [(h(z) — wsse(x)) - Flz,y) | 2 € S]]

<P es)- F(z,y)| - E, &l|h(x) —ws es
<Pp(wes). max  |F@y)| Ep,lh@) - v @)z €]

< PDS(IE S S) . e(h,ws_mS),

since clearly ( I)n&})){( y)\F(an7 y)| < 1. Then, we can reverse the direction and use the reverse triangle
z,y)e(X,
inequality to write
Pp (x €S)-e(h,ws—y,S)
> |Pp,(x € S)-Ep,[h(x) - F(x,y) | @ € S] - Pp,(x € S) - Ep,[F(x,y) | x € 5|
> |PDt(w € S) ED,[F(:IZ,y) | (S S” - |PDs(w € S) EDQ[h((E) : F((I},y) | RS S”v

from which the statement follows by simply rearranging the terms. O

This lemma can be used to prove the following theorem, which is a relaxed version of Theorem[3.1]
and gives an upper bound for the calibration error with approximate likelihood ratios:

Theorem B.4. Assume that ps(y|x) = p:(y|x) and that f is a-approximately multicalibrated in D
with respect to H. Then,

< i .
K(fa Df) S« + ggﬁe(h’a ws—)t)

Proof. Let h* = argmin e(h,ws—;) and S, = {&x € X : f(x) = v} so that the collection
heH
{Sv}ver(y) forms a partition of X'. Thus, by the law of total probability,

ST Pp,(f(x) =v) - e(h* wes, S0) = e(h™ wassy).
vER(f)
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Since f is a-approximately calibrated in Dy with respect to H, we have:
« 2 K(f7Dt7h*)

= Y |Po.(f(@) = v) Ep, @)y - ) | f@) =]

veR(f)

(]

Pp,(f(z) =v)-Ep, [y—v ‘ f(x) :v}

= K(f,Dt) — (A", ws—s).
Here, Lemma B.3]is applied to each of the terms
|Po.(f(@) = v)-E, [0 @)y~ v) | /(@) = ]
with F(z,y) =y — v. O

)

C IW and PAPE Variance Comparison

In this section, we compare the variances of IW and PAPE when used to estimate the accuracy of
a model that is trained with data from some source distribution ps(x, y) in some target distribution
pt(x,y). We operate under the covariate shift assumption of ps(y|x) = p;(y|x). We assume that the
scores S = f(X) produced by the classifier are perfectly calibrated in p,(,y) (but not necessarily
in py(x,y)). Thatis, if (X,Y) ~ ps(x,y),then P(Y =1| S =s) =s Vs e [0,1]. In addition,
we assume that there is some discriminator function g : [0, 1] — {0, 1} mapping the scores to binary
predictions ¥ = ¢(5).

C.1 Estimators
We start by describing the estimators in this setting and the notation used.

C.1.1 Probabilistic Adaptive Performance Estimation

The CBPE [8] estimator for accuracy from a sample (X7, Xo, ..., X,,) ~ p(x)™ is defined as

Xc rrect
Xaccuracy = %; (8)
where X .,ect follows a Poisson binomial distribution with parameters Z; defined as
S; V=1
Zi _ [ ti 9
{1 -S5;, Y, =0. ©)

Let s : X — [0, 1] denote the mapping s(X;) = Z;. Under perfect calibration, using E, [Xaccuracy]
as a point estimate yields an unbiased and consistent estimator for accuracy [8]].

— 1 &

Acceppe =~ ; Z;. (10)
However, the assumption of perfect calibration in the source distribution p,(x, y) does not extend to
the target distribution p; (z, y), which typically results in a biased estimator in any target distribution.
PAPE allows us to train a weighted calibrator ¢ : [0,1] — [0, 1] using the same (exact) density
ratios w(x) as IW (explained in the next section), ensuring that f* = c o f is perfectly calibrated in
pt(x,y). Now we can define

— 1 <
Accpape = ZZ;“, (1D
i=1
where the difference to Acccppg is that the scores S} used to define Z}” originate from f* instead of

f. Similarly, we let s : X — [0, 1] denote the mapping s*(X;) = Z”. Under the assumption of
exact density ratios w(x), Accpapg is unbiased and consistent in the target distribution.
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C.1.2 Importance Weighting

The empirical importance-weighted (IW) estimator from a sample (X, Xo, ..., X;,) ~ pi(x)™ is
defined as

— 1 &
A = - I; i), 12
cerw . ; w(x;) (12)
where the indicator I; is defined as
1, V,=Y;
L= ! 13
{07 Vi £V, 4
with Y; = g(f(X:)), {¥;}"_, ~ ps(y | )", and for each X; = x;
pt(iﬂi)
w(x;) = , (14)
( ) ps(wi)

is the density ratio relating the marginal source and target distributions, ps(x) and p;(x) respectively
(with ps(2) > 0 whenever p;(x) > 0). Under the assumption of perfect calibration (in the source
distribution), we have I; ~ Bernoulli(Z;). The empirical importance-weighted estimator (under
exact density ratios) is known to be unbiased and consistent in the target distribution.

C.2 Variance Comparison

If we have access to exact density ratios, both PAPE and IW are unbiased and consistent estimators
for accuracy. Then, the choice between the two should depend only on their sample efficiencies. That
is, which estimator has the smallest variance? On the other hand, if density ratios are not exact, it is
a reasonable assumption (by the principle of insufficient reason) that both estimators would suffer
roughly equally on average.

By using p; as a shorthand for X ~ p;(x), the per-observation variance of PAPE is, by deﬁnitiorﬂ
Vary, (Z2%) = By, [(Z27)?] = Ep, [2°) = By, [s* (2)°] — Ep, [s* (2)]*. (15)

Let us take a look at the per-observation terms of the IW estimator in a similar fashion. We start

by denoting W = Iw(X), where recall that I is a Bernoulli variable with parameter Z = s(X).

Conditioning on a fixed X = x, we have I ~ Bernoulli(s(z)) and the weight w(x) is a constant.
Using p; as a shorthand for Y ~ p4(y | ), the conditional mean and variance of W are

Ep W |z] =Ey, [ITw(z) | ] = w(@)Ep, [I | 2] = w(z)s(z) (16)
Var,, (W | ) = Var,, Jw(x) | ) = w(a})QVarps (I|z)=w(x)?s(x)(1— s(x)). a7

Next, we can use the law of total VarianceE] to get
Var,, (W) = E,, [Var, (W | z)] + Var,, (E, [V | z]

)
= Ep, [w(z)?s(x)(1 — s(x))] + Var,, (w(z)s(z))
= By, [w(@)’s(2)(1 - s(2))] + Ep, [(w(@)s(2))?] — Ey, [w(@)s()]”
=By, [w(@)*(s(z) - s(2)*) + w(2)’s(2)*] - Ey, [w(@)s(@))”
=By, [w(z)’s(z) - w(@)’s(@)’ + w(z)’s()’] - By, [w(z)s(z))”
= By, [w(@)’s(2)] — By, [w(@)s(x)]”.

Now, we can compare the derived variances and state that the per-observation variance of the PAPE
estimator is less than or equal to that of the IW estimator if and only if

Ep,[s"(2)’] — Ep,[s" (@) < By, [w(@)?s(@)] — By, [w(@)s(@)]” (18)

>In expectations such as E,, [s (z)], we use & as a dummy variable representing a specific realization of X.
Thus, any reference to « in these expressions is to be understood as a placeholder that is integrated out.

Here we again revert to slightly abused notation for compactness. In fact, we should write the total variance
as Varxp, (z),Y ~ps (y|=) (W). However, since we consider the source distribution to be fixed, we omit ps from
the left-hand side for readability.
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Given that the value of the expression on the right-hand side depends heavily on the interplay between
w(x) and s(x), and we don’t know the exact relation between s* (x) and s(a), it is impossible to
verify whether Inequality (T8)) is true or not a priori. Here, we look at only one interesting special
case, that being ps(x) = p;(x), which leads to a constant density ratio w(x) = 1. In this setting, the
calibrator c is the identity mapping so that f = f*, which means that s(x) = s*(x) pointwise. With
these insights, criterion @) can be written as

Ep, [s()] = Bp, [s(2)]* < By, [s(z)] — By, [s(z))? (19)
Ep, [s(x)’] < Ep,[s(2)]- (20)
Because 0 < s(x) < 1, it follows that
s(x)? < s(x)
Ey, [s(x)?] < By, [s(2)],

which means that the special case criterion (20) is always satisfied. Thus, under no shift, the per-
observation variance of PAPE is always at most that of the IW estimator, making the former more
sample efficient. It also gives reason to believe that this is likely the case when the shift is small,
and hence the weights w(x) are close to one and s*(x) ~ s(x) pointwise. Having said that, it is
possible to envision situations where the IW estimator has lower per-observation variance.

Up to this point, we have looked only at the per-observation variances. However, it is straightforward
to justify this approach as follows. We can write the variances of our estimators as variances of the
means of n mutually independent observations as

— 1 & 1 & 1
Var(ACCpapr) = Varp, <n ZZZ”) =3 ZVarpt(Ziw) = ﬁVarpt (Z*)
i=1 i=1

— 1 & 1 & 1
Var(ACC ) = Var,, <n ; WZ) == Z; Vary, (Wi) = — Vary, (W),
which means that in comparing the variances of the two estimators, it suffices to compare the
per-observational variances Var,, (Z*) and Var,, (W).

Finally, we suggest a pragmatic empirical approximation for criterion (I8)), which can be used as a
heuristic guide in choosing which estimator to use for a given (i.i.d.) sample (X1, Xo, ..., X,,) ~
p¢(x)™. This approximation replaces the expectations with empirical means, leading to

D sv(X)? - (Z SW(XZ-)> <) w(X)?s(X;) - (Zw(XQs(XQ)

i=1 i=1 i=1 i=1
If this inequality is true, one would favor PAPE over IW, and conversely so if it is false. Although this
heuristic is not guaranteed to result in better estimates in every case, for any sufficiently large n, it
should result in better estimates on average. If (for whatever reason) one has to choose the estimator
before observing any data, a rational agent would make the (uninformative) assumption about the
weights, assigning w(x) = 1, which by criterion would lead them to choose PAPE.

D Additional Experiments

D.1 Sample Size Effect

The experiments described in Section 4 were run for an arbitrarily chosen evaluation data chunk
size (2000 observations). In this section, we describe an ablation study, where we investigated the
quality of performance estimates for different chunk sizes. We split production data into chunks of
the following sizes: 100, 200, 500, 1000, 2000, and 5000. For each consecutive sample and each
chunk size, the first instance of the data chunk was advanced 1,000 observations so that the first
instances of each chunk for different chunk sizes were aligned. This was done to make the results
between different chunk sizes comparable and to minimize the effect of changes in the underlying
data. This meant that for chunk sizes of less than 1,000, not all data was used, and for chunk sizes
larger than 1,000, there was some overlap between consecutive samples.
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Figure 3: Effect of sample size on mean absolute error of AUROC estimation. Calculated for
sample sizes of 100, 200, 500, 1000, 2000, and 5000, on data from California, for the prediction task:
employment.

Due to computational complexity, we ran the experiment only for one evaluation case. We selected
the biggest data set (California), the prediction task for which performance changes significantly
(ACSEmployment), the default choice algorithm for the classification task on tabular data - LGBM,
and the default metric - AUROC. Since the results come from a single evaluation case, we used a
typical regression metric - mean absolute error (MAE). Figure [3] shows that all methods give less
accurate AUROC estimates for smaller chunk sizes. This is expected as the random noise effects
are more significant for small samples. For the evaluated case, this has the strongest impact on IW
accuracy of estimation.

D.2 TableShift Experiments

In addition to our main experiments with US census data, we tested PAPE and our other benchmark
methods with tabular data from the recently published TableShift benchmark [35]]. Due to the defective
functionality of the TableShift API, we were unable to extract all 15 datasets contained within the
benchmark. Thus, we resorted to using a subset of 8 datasets we were able to retrieve, namely:
ASSISTments, College Scorecard, Diabetes, Food Stamps, Hospital Readmission, Hypertension,
Income, and Unemploymenﬂ There is some overlap between these datasets and the datasets used in
Folktables [36]]. The main differences are that the datasets in TableShift come from a wider range
of providers, the datasets are generally smaller, and the datasets are preprocessed differently, in
particular, to create distributional shifts between the In-Domain (ID) and Out-of-Domain (OoD)
portions. These shifts do not necessarily conform to our covariate shift assumption, giving us an
interesting opportunity to experiment on how PAPE performs relative to other estimators in undefined
types of shift scenarios.

Accuracy AUROC Fq
NMAE NRMSE NMAE NRMSE NMAE NRMSE
TEST SET  2.11 2.92 1.03 1.82 1.01 1.49
RT-mod  2.22 3.05 1.39 2.15 1.19 1.69
CcCoTr 2.80 3.49 - - - -
ATC 1.94 3.20 1.32 2.06 1.50 2.11
DOC 1.74 2.54 0.94 1.67 1.03 1.45
CBPE 1.79 2.46 0.97 1.65 0.77 1.32
Iw 1.59 2.06 0.88 1.13 0.75 0.95

PAPE  1.52 1.98 0.83 1.06 0.67 0.86

Table 2: NMAE and NRMSE of the evaluated performance estimation methods for each estimated
metric.

"These datasets are described in detail at https://tableshift.org/datasets.html
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We used the same evaluation framework as with our main experiment in Section ff] with the same
benchmarks, implementation details, and evaluation metrics. However, the data preprocessing was
handled a bit differently. We used the "training" portion of the datasets for training our models, the
"validation" portion (both for ID and OoD) to train our estimators, and the "test" portion (both for ID
and OoD) for evaluation. We concatenated the ID and OoD sets because for some datasets, the OoD
portions were very small, sometimes less than 2,000 instances, which we used as our chunk size. The
results shown in Table 2] align with our main experiments, showing that PAPE is superior to other
estimators for all metrics tested.

D.3 Experiments With Synthetic Data

Since all the other experiments thus far have been performed on real-world data, where we cannot
fully control the nature of the datset shift, we conducted further experiments with synthetic data
created to ensure that only covariate shift is present. We start by describing the data generation
process.

D.3.1 Data Creation

We created a spherically symmetric distribution of inputs centered at the origin of R?, with di-
mensionality d = 20. More specifically, we generated feature vectors by first drawing Gaussian
directions G € R with independent N (0, 1) entries and normalizing each vector to unit length,
U; = G;/||G;||2, thereby ensuring isotropy on the unit sphere. Radial distances R; were then sampled
independently from a half-normal distribution with o = 0.15. Each observed feature instance was
then derived as X; = R; - U;, and only those with radius R; < 0.5 were retained. This procedure
yielded a base pool of 100,000 feature instances with uniform angular structure and a controlled
radial distribution.

Next, labels for each feature instance were assigned based on a smooth, monotonic relationship
between the features and the probability of the positive class. For each observed feature instance x,
the radius r(x) = ||||2 was calculated and the conditional probability of the positive class was set to
P(y=1|x)=1—r(x). The true labels y were then sampled from the corresponding Bernoulli
distribution. The base dataset was randomly partitioned into training (80,000) and reference (20,000)
subsets, and a LightGBM classifier with default parameters was trained on the d = 20 features using
samples from the training set.

The distribution of the resulting distances in the training dataset is visualized in Figure[d] We see that
most instances reside near the origin and are thus likely to bear the positive label. Instances farther
from the origin get increasingly rarer. This results in an unbalanced dataset, where positive labels are
far more common, with the fraction of positive labels in the training dataset being roughly 88%.

Train data radius distribution

Count

0.0 0.1 0.2 0.3 0.4 0.5
Distance from center

Figure 4: The distribution of distances from the origin in the training set for the synthetic data.
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D.4 Experiment with Gradually Increasing Covariate Shift

In this experiment, we simulated covariate shift by repeatedly sampling production chunks of size
2,000 while gradually increasing a threshold for the radius of samples to include within the production
data chunk. We let the threshold increase from 0 to 0.4 in increments of 0.025. For each resulting
threshold ¢, we conducted 1,000 trials, where in each trial we sampled a chunk of data while enforcing
r(a) > t. Increasing the threshold is used to simulate a gradually increasing covariate shift. This
makes predicting the right label by the monitored classifier increasingly difficult for two reasons.
First, when the input data distribution shifts further away from the center, the label entropy increases
since P(y = 1 | ) is equal to 1 in the center and 0.5 at the hypersphere with r(x) = 0.5. Second,
the regions further away from the center are less dense in the reference distribution (see Figure [).
Thus, we expect the performance of the classifier to decrease with increasing shift magnitude, and we
would like our estimators to be able to catch that.

After the 1,000 trials for each threshold, we averaged both the true model performances and the
estimated performances for accuracy, F; score, and AUROC. The results are plotted in Figure 5]

The effect of shift degree on the estimator performance for all methods

Accuracy F1 AUROC
0.8 08
3 1 06 o
§ CBPE S | N\ ==
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H coT 0.4 ATC ATC
g s | RT-mod RT-mod 0.2 1 RT-mod
: —— DOC 02— DOC —— DOC
---- true | === true --- true
0.0 L, ; ‘ ‘ : ; ; ‘ ‘ ool ‘ . ‘ .
0.0 0.1 0.2 0.3 0.4 0.0 0.1 0.2 0.3 0.4 0.0 0.1 0.2 0.3 04
shift magnitude shift magnitude shift magnitude

Figure 5: Estimator performance of each method for all three metrics with gradually increasing
covariate shift. Shift magnitude corresponds to threshold ¢.

We see that both ATC and RT-mod are generating estimates that are unusable, so we decided to drop
them from further analysis and focus on the rest. For the remaining methods, we plot the Mean
Absolute Error (MAE) between the estimated and true metric values. The results are seen in Figure|[§]
where we see that PAPE is consistently able to generate estimates with low error even for the most
intense shifts for all three metrics and has the best overall performance of all the methods tested.

The Mean Absolute Error over increasing covariate shift
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Figure 6: The Mean Absolute Errors of the estimators for all three metrics with gradually increasing
covariate shift.
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D.5 Experiment with Different Chunk Sizes

In this experiment, we fix the threshold to 0.25 and vary the chunk size to see how it affects the
performance of the estimators. We test on chunk sizes of [100, 200, 400, 800, 1600, 3200], again,
performing 1,000 trials for each chunk size. As in the previous experiment with increasing covariate
shift, we noted that ATC and RT-mod performed so poorly that they were left out of the comparison.
For the other estimators, we show the Mean Absolute Error (MAE) between the estimated and true
metric values in Figure[7} Unsurprisingly, all methods provide better estimates with increasing chunk
size, with PAPE and IW still improving while other estimators start to flat out. Overall, PAPE shows
the best performance.

The Mean Absolute Error with different chunk sizes

Accuracy F1 AUROC

0.08 0.08 0.08
0.07 1 CBPE | 07 | CBPE | 07 |
: —— PAPE : —— PAPE :
0.06 4 — W 0.06 4 — W 0.06 4
0.05 - — boc 0.05 - — boc 0.05 -

w coT

< 0.04 0.04 1 0.04 1
0.03 1 0.03 1 0.03 1
0.02 \ 0.02 0.02
0.01 4 = | 0.01 { 0.01 4

0.00 = T T T T T 0.00 T T T T T 0.00 = T T T T T
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Figure 7: The Mean Absolute Errors for each estimator for all three metrics over different chunk
sizes.
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NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Claims made in the abstract and introduction describe the main characteristics
of the proposed method and state that overall it has given more accurate performance
estimates on the datasets used for testing compared to other methods. All of the claims are
true and do not overgeneralize.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: The paper contains a dedicated section (Section Limitations), where the
theoretical and practical limitations of the proposed method are discussed.

Guidelines:

* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

* The authors are encouraged to create a separate "Limitations" section in their paper.

The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

* The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
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Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [Yes]

Justification: We present two theorems in the main paper. Formal proofs for these theorems
are provided in Appendix [B|along with three additional lemmas and one additional theorem.
The lemmas are needed to prove the theorems. All lemmas and theorems are explicitly
numbered and properly cross-referenced, and all required assumptions are clearly and
exhaustively expressed.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

¢ Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]

Justification: The proposed method is explained in detail in Section [3] The details of the
conducted experiments are given in[d More specifically, we describe the (open access)
datasets in Section 4.1} Data preprocessing and model training are explained in Section 4.2}
The implementation details of the benchmark methods are described concisely in Section|4.3]
and in more detail in Appendix [A] Finally, the evaluation methodology is clearly described
in

Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.
While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.
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(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We make our code available as a public github repository (https://github,
com/pape-research/pape_r). The code together with the paper enables reproducing all
the experiments and their results described in the paper.

Guidelines:

» The answer NA means that paper does not include experiments requiring code.
* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The description of the proposed method (Sections [3|and 4.3, other evaluated
benchmark methods (Section4.3), and experimental setup (Sections 4. |and [4.2)) are given
in the main paper and Appendix [Al The low-level details of the method implementations
can be found in the code we provide in our public repository.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: Statistical significance is provided for the experimental results supporting the
main claim of the paper. It is provided in Section [4.4]and reproducible with the code we
supply via our public repository. We did not produce error bars for our plotted graphs due to
readability issues and the computational complexity it would have required.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

» For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.
8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The description of resources and computation time for the described calcula-
tions are provided in footnotes of the relevant sections.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines]?

Answer: [Yes]

Justification: We use public, anonymised datasets. To our best knowledge, there are no
harmful consequences of our research.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
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12.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [NA]
Justification: The paper contributes to foundational research.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: To our best judgement, the paper poses no such risks.
Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

* Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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Answer: [Yes]

Justification: We properly cite all sources of existing assets with their licenses. All standard
py-data stack libraries we use (like numpy, matplotlib etc.) are not necessarily cited, but
they are listed in the requirements.txt in our public code repository.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: The paper introduces a novel algorithm, and the code repository linked by the
authors contains its implementation. This code is released under the CC BY-NC-SA 4.0
license, which is stated in the LICENSE file in the repository.

Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.
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Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs in any
way.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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