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Evaluating machine learning models using data that reflect the deployment context is essential to draw reliable conclusions
about both predictive performance and fairness. When models are evaluated on data drawn from a different population, time
period, or domain, performance and fairness assessments can be misleading. In practice, however, evaluation data that is
representative of the deployment setting is often unavailable, expensive to collect, or lacks the required annotations.

In this paper, we study how evaluation can be performed when only labeled data from a different, unrepresentative
distribution is available. We propose an importance sampling approach that uses an unlabeled sample from the deployment
context to reweight a labeled evaluation dataset, so that it better resembles the deployment population. A central challenge is
deciding which features should be used to align the evaluation and deployment data. We show that using model-internal
features—hidden-layer representations of the evaluated model itself—to reweigh the evaluation data outperforms handcrafted
features and general embeddings from other models when estimating deployment-time performance. Importantly, this
approach does not require prior knowledge of how the evaluation and deployment data differ.

We further show that different evaluation and fairness metrics respond differently to changes in the outcome distribution
between datasets. Metrics conditioned on the model’s predictions (such as precision) require explicit alignment of outcome
prevalence between the evaluation and deployment data. By contrast, metrics conditioned on the true outcomes (such as
recall) are robust to shifts in the outcome distribution. Finally, we find that fairness evaluation is more challenging than
performance evaluation: in most settings, subgroup disparities in the deployment context cannot be reliably inferred without
access to sensitive attribute information.

Overall, this work clarifies how evaluating models on non-representative data can distort both performance and fairness
assessments, and provides a practical method for approximating deployment-time evaluation when representative labeled
data are unavailable.
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1 Introduction

In recent years, the rapid rise of large, pre-trained models has brought significant advances across a wide range
of applications. Yet, it is well established that the performance of artificial intelligence (AI) models can differ
substantially when deployed on data that differs from their training distribution—a phenomenon referred to
as distribution shift [9, 38, 50]. Importantly, the consequences of distribution shift extend beyond predictive
performance. Models that appear fair during development may exhibit algorithmic disparity (“bias”) when
deployed in a different context, as fairness properties do not necessarily transfer across distributions [34, 40, 54].
As aresult, evaluations based on data that do not reflect the deployment setting may lead to incorrect conclusions
about both predictive performance and fairness, highlighting the importance of evaluating models in their
intended deployment context.

In practice, however, conducting such evaluations is often challenging. A representative and fully annotated
evaluation dataset that reflects the target population may be unavailable, expensive, or time-consuming to collect.
As a result, model evaluations frequently rely on open-source benchmarks, data drawn from different populations,
or historical datasets that may be affected by temporal drift [10, 61]. When development or evaluation is
outsourced or based on pre-trained models released with performance or fairness claims computed on proprietary
or undocumented datasets, the underlying evaluation distribution may be unknown. In these settings, reported
metrics can be difficult to interpret and may fail to reflect a model’s behavior in real world deployment.

These concerns are increasingly reflected in the regulatory landscape. For example, the EU Artificial Intelligence
Act (Al Act) requires training, validation, and test data to be “relevant, sufficiently representative and to the best
extent possible, free of errors and complete in view of the intended purpose” (Article 10(3)) [19]. In practice,
however, these requirements are often difficult to satisfy, motivating the need for evaluation methods that can
provide reliable performance and fairness estimates even when representative labeled data from the target
population are limited or unavailable.

Although reliable evaluation without representative labeled data is difficult to achieve across all scenarios, we
show that deployment-time performance and fairness can be approximated using labeled data from a different
distribution. To do so, we propose to use importance sampling based on the model’s internal features. Importantly,
we outline the assumptions needed for this approach and highlight the limitations of the approach.

1.1 Relevant Literature

Distribution Shift and Evaluation. The distribution of datasets may differ in multiple ways. Formally, distribution
shift occurs when the joint distributions of two datasets differ, i.e., P; (Y, X) # P»(Y, X), where P, (Y, X) denotes
the joint distribution of labels Y and covariates X in dataset n [25, 43]. The dataset may also include sensitive
attributes A.

Moreno-Torres et al. [43] distinguish three common forms: covariate shift (changes in P(X)), label shift (changes
in P(Y)), and concept shift (changes in P(Y|X)). More recent work extends this taxonomy to fairness-related
changes. Demographic shift refers to changes in the distribution of sensitive groups (changes in P(A)) [23], while
dependence shift captures changes in the relationship between sensitive attributes and outcomes (changes in
P(Y | A)) [52]. Such shifts can directly affect fairness when models are deployed in new environments [57].
These distribution shifts can formally be specified as follows:

e Covariate shift: P;(X) # P,(X), but P;(Y|X) = P,(Y|X)
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e Label shift: Py(Y) # P,(Y), but P;(Y|X) = P,(Y|X)

e Concept shift: P;(Y|X) # P2(Y|X), but P;(X) = P,(X)
e Demographic shift: P;(A) # P,(A)

e Dependence shift: P; (Y | A) # P,(Y | A)

Distinguishing these shifts is important because they affect evaluation differently. When evaluation data do not
reflect the deployment distribution, standard performance metric values may become deceptive [21].

Fairness evaluation introduces an additional challenge: disparity metrics compare group-conditioned quantities.
Consequently, they are sensitive not only to global distribution changes (changes in P(Y) and P(X)) but also to
shifts in subgroup outcome distributions (changes in P(A) and P(Y | A)). While prior work has mainly studied
predictive performance under distribution shift, less attention has been given to how disparity metrics behave.
Our paper contributes by systematically identifying which performance and fairness metrics remain reliable
under different types of distribution shift.

A related line of work studies out-of-distribution (OOD) detection, which identifies when incoming data deviate
from the training distribution and signals when predictions may become unreliable during inference [29, 70]. In
contrast, our approach evaluates how a model is expected to perform on new data before deployment.

Fairness under Distribution Shift . If distribution shifts occur between training and deployment data fairness
properties of a model do not necessarily transfer across distributions [34, 40, 54]. Recent work of Deho et al.
[15] shows that algorithmic fairness properties can degrade under naturally occurring dataset shifts even when
models were trained or post-processed to satisfy fairness criteria on the original distribution. As noted by [15],
one implication in practice is the need for continuous monitoring and evaluation of the fairness of algorithms, as
“the tides of fairness can turn really fast” (p. 15). We complement this work by investigating how performance
and fairness can be evaluated and monitored with little or no labeled data from the deployment context.

Several studies propose training methods designed to maintain fairness under distribution shift [3, 31, 55, 65].
In line with our problem setup, [27, 51] modify the learning objective to enforce fairness on the target distribution
despite the absence of labeled target data. Our work, however, focuses on the evaluation problem, given an
existing (pre-trained) model: how to reliably measure model performance and fairness in the deployment context
when the available (labeled) evaluation datasets do not match the deployment distribution.

Importance Sampling. If evaluation data are not representative of the deployment distribution, methods are
needed to correct for this mismatch. One such approach is importance sampling, a Monte Carlo technique that
estimates properties of a target distribution using samples drawn from a different source distribution [37]. In
machine learning, importance weighting is widely used to address distribution shift, particularly under the
covariate shift assumption where P(Y | X) remains stable but the marginal feature distribution changes [58]. In
this setting, observations from the source distribution are reweighted by the density ratio prarget (X) /Psource (X),
adjusting the influence of each observation so that the weighted training data better reflects the target distribution
[62]. These ideas are commonly applied during model training in, for example, domain adaptation and distribution
shift correction, where importance weighting is used to learn models that generalize to a target distribution; see
Kimura and Hino [36] for an overview.

In this paper, however, we apply importance sampling not for model training but for model evaluation. Our
goal is to estimate performance and fairness metrics that reflect the deployment distribution without modifying
or retraining the model. Following Chen et al. [10], we combine a labeled evaluation dataset drawn from a source
distribution with an unlabeled dataset drawn from the target distribution, consisting of inputs observed in the
deployment environment. By estimating the density ratio between these two distributions, source samples can be
weighted or sampled so that evaluation better reflects the target distribution.
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A key challenge in applying importance weighting is determining which features capture the relevant differ-
ences between the source and target distributions. If important drivers of the shift are omitted, the resulting
weights may fail to recover the correct target statistics [10]. Handcrafted features may overlook latent or higher-
order shifts in the data and typically require additional feature design or annotation. To address this challenge,
we investigate whether model-internal representations, that is, activations in hidden layers of the (pre-trained)
model itself, can serve as an effective basis for importance weighting.

A large body of work develops practical estimators and model-selection procedures for importance weighting
and density ratio estimation, and analyzes failure modes such as high-variance weights under limited overlap
[10, 13, 24, 63, 64]. While our work focuses on the interaction between distribution shift, evaluation metrics,
and feature-space selection for importance weighting, these refinements can be incorporated directly into our
framework without altering its core objective.

1.2 Contributions

This paper studies how to reliably evaluate predictive performance and fairness when evaluation data do not
match the deployment distribution. Our contributions are threefold.

First, we analyze how commonly used performance and fairness metrics behave under different forms of
distribution shift. We show that evaluation metrics differ in their sensitivity to shifts in the underlying data
distribution. Particularly, metrics conditioned on the true outcome (e.g., recall, equalized odds) remain stable
under label shift, whereas metrics conditioned on predicted outcomes (e.g., precision, predictive parity) depend
on the outcome distribution and therefore require evaluation data to reflect the outcome distribution of the target
population. We extend this analysis to fairness metrics, highlighting how subgroup outcome distributions affect
disparity estimates.

Second, we focus on the variable selection problem in importance sampling, i.e., the challenge of choosing
which features capture the relevant differences between the source and target distributions, and should therefore
be used for constructing importance weights. In particular, we investigate whether model-internal representations
(activations of hidden layers of the evaluated model) can serve as a feature space for density ratio estimation,
avoiding manual feature engineering. Our results show that reweighting based on these representations can
recover target performance under distribution shift, while the ability to recover subgroup statistics for fairness
evaluation depends on the extent to which sensitive attributes are represented in these features.

Third, we examine task-agnostic embeddings as an alternative feature space when internal model represen-
tations are unavailable. Through empirical analysis, we show that such embeddings generally fail to recover
target performance, suggesting that effective importance weighting requires features closely aligned with the
prediction task.

To illustrate and evaluate the breadth of our proposed approach, we developed three experimental settings:
a theoretical setting based on synthetic data, a computer vision setting involving face datasets, and a natural
language processing setting using textual data. The experiments show the versatility of our approach: it integrates
with existing density ratio estimation methods, supports both classification and continuous outputs, and extends
to any deep learning based architecture that involves hidden layers (including most modern computer vision and
natural language processing models). It is also practical, as it eliminates the need for handcrafted features or,
under specific assumptions, detailed prior knowledge about the nature of the distribution shift.

2 Preliminaries

We consider a fixed model fp : X — Y, where X and V/ denote the domains of features and labels, respectively.
In addition, the dataset may include sensitive attributes A € A, which may or may not be included in the model
input X, but are often required for fairness evaluation. We use uppercase letters (e.g., X, Y, A) to denote random
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variables and lowercase letters (e.g., x, y, a) for their realizations. We write P for probability distributions and p
for their corresponding densities when they exist.

We are given two datasets drawn from different distributions: a labeled source dataset with ng samples,
Ds ={(y,x3,a5)}, ~ Ps(Y, X, A), and an unlabeled target dataset with n; samples, D; = {x!}*, ~ P;(X, A).
In some cases, sensitive attributes A may also be partially or fully available in D;.

Throughout this paper, we focus on the effects of covariate shift and label shift, which may arise independently
or simultaneously.

Assumptions. (i) Support overlap. We assume that the target support is contained in the source support, i.e.
supp(P;) € supp(Ps), where supp(P) = {x € X : p(x) > 0}. This ensures that every point that can occur
under the target distribution also occurs with non-zero probability under the source distribution. (if) Conditional
invariance. We assume that the conditional distribution of labels given features and sensitive attributes remains
unchanged: P;(Y | X, A) = P;(Y | X, A).

Our objective is to estimate the model’s predictive performance and fairness metrics in the target context,
using the labeled source data 9, and the unlabeled target data ;.

2.1 Accuracy Metrics

2.1.1  Performance Metrics: Classifiers. We consider a binary classifier fy that maps covariates X to predictions
Y € {0, 1}, with true labels Y € {0, 1}. Performance metrics for such models differ in whether they are conditioned
on the true outcome or on the model’s predicted outcome [42].

Metrics conditioned on the true label Y quantify how well the model captures the actual classes. A common
example is recall, defined as P(Y = 1| Y = 1), which measures the fraction of positive cases that are correctly
identified. Such metrics are independent of the prevalence of the positive class and therefore remain comparable
across populations with different outcome distributions.

In contrast, metrics conditioned on the prediction Y reflect the reliability of the model’s outputs. Precision, for
example, is defined as P(Y = 1 | Y = 1), and depends on both the model’s error rates and the outcome prevalence.

This distinction can be formalized using Bayes’ theorem. Metrics conditioned on the true label can be written
as

X P(Y | Y)P(Y P(Y | V)P(Y
T 041t N 1 40 ). ) N "
P(Y) P(Y|Y=1)P(Y =1)+P(Y|Y =0)P(Y =0)
and are invariant to changes in P(Y) [49, 56]. In contrast, prediction-conditioned metrics satisfy
. P(Y|Y)P(Y P(Y | Y)P(Y
Py |12 PEIOPO) (7 | VP(Y) | "
P(Y) P(Y]Y=1)P(Y=1)+P(Y|Y=0)P(Y =0)

and therefore vary with the outcome distribution P(Y).

As a result, label-conditioned and prediction-conditioned metrics respond differently when evaluation and
deployment data differ in outcome prevalence. This distinction is central to understanding which performance
and fairness metrics remain valid under reweighting.

2.1.2  Performance Metrics: Regression. For regression tasks, models predict a continuous outcome Y € R, and
performance is assessed by measuring the discrepancy between predictions Y = f;(X) and true outcomes.
Common error metrics include the mean absolute error (MAE) and the mean squared error (MSE) [7].

We focus primarily on the mean absolute error, defined as MAE = E[|Y — Y], which measures the average
magnitude of prediction errors. Compared to mean squared error, defined as MSE = E[(Y — Y)2], MAE is less
sensitive to outliers and easier to interpret [68].
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2.2 Fairness Metrics

We assess model fairness by comparing performance metrics across subpopulations defined by sensitive attributes
A. As with performance metrics, fairness notions differ in what they condition on, which determines whether
observed disparities are sensitive to differences in outcome prevalence across groups.

Equalized odds is a label-conditioned fairness criterion. It requires that error rates be equal across groups for
individuals with the same true outcome, i.e.,

P(Y=1|Y=yA=a)=P(Y=1|Y=yA=d), ye{01},

and is therefore invariant to differences in outcome prevalence P(Y | A) [42]. This notion is also referred to as
separation.

In contrast, predictive parity is conditioned on the model’s prediction and requires equal precision across
groups,

P(Y=1|Y=1LA=a)=P(Y=1|Y=1A=d),

also known as sufficiency [11]. Because it conditions on Y, predictive parity is sensitive to differences in outcome
prevalence between groups P(Y | A), and observed disparities may reflect base-rate differences rather than
differences in model behavior. Appendix D provides a Bayes’ decomposition of predictive parity that makes this
dependence explicit.

Finally, when outcomes are unavailable or contested, fairness is sometimes defined in terms of equal decision
rates across groups, known as statistical parity or independence [42]: P(Y|A=a)=P(Y|A=a).

For regression tasks, formal fairness criteria are less established [26]. We therefore assess fairness by comparing
prediction errors across groups, using differences in mean absolute error (MAE) as a measure of disparity [5].

3 Methodology

Our proposed method to assess model performance under distribution shift estimates how well a fixed model
would perform in a new context using labeled data from a different distribution. Since we focus on cases where
the target dataset lacks labels, we apply reweighting techniques to approximate performance and fairness of the
model in the target context. We use two related approaches: importance sampling and importance weighting.
Both require estimates of the ratio of the probability density functions of the source and target distributions.

3.1 Importance Sampling: a Monte Carlo Method

Importance sampling is a Monte Carlo method for evaluating expectations under a target distribution using
samples drawn from a different (source) distribution [64]. Suppose we are interested in estimating the expectation
of a function f(X) under a target distribution p; (x), but we only have access to samples from a source distribution
ps(x). The expectation can be rewritten as:

i - pr(xi)
N =1 ps(xi)

B 1) = [ pes s = [ 2000y =5y, |20 50|

fxi)  xi~ ps(x)
®3)

= belxi) , which adjusts for the mismatch between the source

Each term is scaled by the importance weight w; = FXER)
and target distributions [64]. In importance sampling, these weights are used as sampling weights to draw
a representative subsample from the source dataset: samples that better resemble the target distribution are
more likely to be included. In contrast, importance weighting retains all source data points and reweighs their
contribution during metric computations.

These techniques allow us to estimate how the model would behave under the target distribution, despite not
having access to the target outcomes.
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3.1.1 Density Estimation. Density estimation is known to be difficult, especially in high-dimensional spaces,
due to the curse of dimensionality, which slows the convergence of nonparametric estimators as dimensionality
increases [45]. Because of this, density ratio estimation (i.e. estimating the ratio between two distributions directly)
has become a widely studied alternative. Several methods have been proposed, such as moment matching, kernel
mean matching, Kullback-Leibler Importance Estimation Procedure (KLIEP) and Least-Squares Importance Fitting
(LSIF) (see Sugiyama et al. [62] for further details on density ratio estimation).

In this paper, we use a random forest classifier to distinguish between samples from the source dataset and the
target dataset. Specifically, we construct a binary domain label D € {0, 1}, where D = 0 indicates source samples
and D = 1 indicates target samples. For each source data point, the classifier predicts the probability that it
originates from the target distribution, which is then used to compute an importance weight. This provides a simple
and effective approximation of the density ratio between the two distributions, while avoiding explicit density
estimation. The approach has been shown to perform well in high-dimensional settings [6]. In our experiments,
the classifier was implemented as a random forest with 100 trees, unrestricted tree depth, and balanced class
weights. To obtain unbiased probability estimates and avoid overfitting, we used stratified 5-fold cross-validation
with shuffled folds and computed out-of-fold predicted probabilities. All other parameters were left at their
default values in the scikit-learn implementation (version 1.7.2) [48]. While we used this implementation in our
experiments, the proposed framework is flexible and can accommodate alternative classifiers or density ratio
estimation techniques.

3.2 Feature Space Importance Sampling

To estimate importance weights, we compare the distribution of observations from the source and target datasets
in a shared feature space. Observations from the source dataset that are more similar to the target data receive
higher weights, while those that are less similar receive lower weights. The quality of this feature space is
therefore crucial: it must capture the relevant properties that differ between the two distributions.

We construct this space using two types of features: (i) explicit, interpretable features, and (ii) model-internal
features derived from the last (non-output) layer of deep neural networks.

3.2.1 Explicit Feature Generation. Explicit features refer to interpretable characteristics of the data that are
derived independently of the model whose performance we aim to evaluate. They may include metadata, manual
annotations, or automatically generated attributes obtained through pre-processing pipelines. Such features
capture domain-specific properties that help characterize source and target dataset differences.

In our computer vision experiments, we obtain explicit (facial) features using current state-of-the-art pre-
trained models. These features include measures of image quality and sharpness [22], head pose [28], skin color
estimates [20], and contrast-based appearance descriptors [69]. While noisy and imperfect, these explicit features
provide structured, human-interpretable information.

3.2.2  Model-Internal Features. Neural networks are typically structured into three parts: an input layer, multiple
hidden layers, and an output layer. As model input flows through the neural network, each hidden layer applies a
nonlinear transformation that encodes the input data into progressively higher-level and more abstract feature
representations. Early layers capture relatively simple patterns (such as edges in images or word-level context in
text), while deeper layers encode more complex relations. The final hidden layer provides a lower dimensional
representation of the input that contains the information considered most relevant by the model for making
accurate predictions [2, 46].

We refer to these final hidden representations as model-internal features. They offer a number of advantages for
our setting. First, they are general: every neural network architecture produces such internal activations/features,
whether it is a feedforward network, a convolutional neural network (CNN), a recurrent neural network (RNN),
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or a transformer. Second, they are domain-agnostic: the same principle applies regardless of whether the input is
text, images, speech, or another modality. Finally, they are task-aligned: since they are derived directly from the
trained model, they reflect the features that the model has learned to be salient for its predictive task.

The exact form of these features depends on the underlying architecture. In feedforward networks, they
correspond to the activations of the final hidden layer. In CNNs, global pooling is typically applied to the final
feature maps to obtain a fixed-length representation of the input. In transformer architectures, such as BERT or
Vision Transformers, the final hidden state of the [CLS] token provides a compact embedding that summarizes
the input sequence or image [2].

Unlike explicit features, which rely on predefined domain knowledge, model-internal features capture distribu-
tional differences as perceived by the model itself, providing a task-aligned basis for reweighting that directly
reflects the model’s predictive behavior.

3.2.3 Dimension Reduction. Model-internal features are often high-dimensional. When the number of data
points is limited, using such representations can lead to overfitting during density ratio estimation, and even
with abundant data they can be computationally expensive [30]. Therefore, we apply dimensionality reduction as
a preprocessing step.

Specifically, we use Principal Component Analysis (PCA) to project model-internal features into a lower-
dimensional space while preserving most of their variance [1]. In practice, we retain the smallest number of
components that jointly explain 90% of the total variance, a commonly used heuristic for balancing dimensionality
reduction with information preservation [32]. We found that the reduced representation can serve as an effective
substitute for the full feature set, balancing efficiency with preservation of task-relevant information.

3.2.4 Label Distribution. Under label shift, importance weighting must account not only for changes in the
feature distribution but also for differences in outcome prevalence. In practice, however, the true target labels
Y are typically unavailable at evaluation time. Instead, model-internal features encode information about the
model’s predictions Y, and therefore reflect the distribution P(Y) rather than the true label distribution P(Y).
This subsection examines when such model-implied outcome information is sufficient for reweighting, and when
explicit adjustment for the target outcome distribution is required.

A key case in which model-implied outcome information is sufficient, arises when the model is well-calibrated,
ie, when E[Y | Y =5, A] = s [4, 14]. In the special case of binary outcomes, calibration not only guarantees this
conditional relationship but also ensures that the marginal distributions P(Y) and P(Y) (as well as P(Y | A) and
P(Y | A)) are closely aligned. In such settings, model-internal features can serve as a sufficient proxy for the
outcome variable, avoiding the need for additional adjustment. However, this reliance on calibration is fragile in
practice, as model calibration does not reliably transfer across domains [47].

For continuous outcomes, calibration ensures equality of conditional means but does not imply equality of the
full distributions. As a result, P(Y) and P(Y) (and likewise P(Y | A) and P(Y | A)) may still diverge and relying
solely on internal features is insufficient for accurately capturing outcome prevalence.

To address this more general case, outcome information must be explicitly incorporated during importance
weight estimation. One approach is to include estimates of P(Y) or P(Y | A) alongside model features. Alterna-
tively, importance weights can be rescaled to match the observed outcome distribution. Concretely, let P,(Y)

denote the outcome distribution induced by the current weights v;, and let P;(Y) be the empirical distribution
P (Y=y)

. . . . PU ( Y:.y) )
Corrected weights are then obtained by setting w; = cy,v;, where ¢, denotes the correction factor corresponding
to the label value of observation i. By construction, the reweighted distribution satisfies P,,(Y) = P;(Y), ensuring

that the weights reflect the observed outcomes rather than the model-implied ones. The same correction can be
— P(Y=y|A=a)
= Py(Y=y|A=a)

of the observed labels in the target domain. For each outcome value y, define a rescaling factor ¢, =

applied conditionally on sensitive attributes by defining c, and using w; = cq;,y, ;.
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Importantly, this procedure only requires knowledge of the marginal (or conditional) outcome distribution in
the target domain, not full annotations. Such marginals can be obtained by labeling a small random subsample
of target data or, in some settings, by relying on domain knowledge or prior assumptions about outcome
prevalence. When the classifier is well calibrated, P,(Y) (and P,(Y | A)) provides a good proxy for the true
outcome distribution, eliminating the need for additional estimation of P;(Y).

In summary, whether one considers P(Y) for performance metrics or P(Y | A) for fairness metrics, the same
principle applies: in the binary calibrated case, model-internal features suffice as proxies for labels, while in all
other cases explicit incorporation of outcome distributions remains necessary.

4 Results

We evaluate how importance sampling and importance weighting approximate target-domain performance and
fairness across multiple settings. Our experiments span three domains: synthetic data (Appendix B), computer
vision, and natural language processing. Table 2 in Appendix A provides an overview of all conducted experiments,
including the tasks, datasets, models, feature spaces and feature dimensionalities. To facilitate reproducibility,
code and data are publicly available.!

4.0.1 Evaluation Methods. Across all experiments, we compare four evaluation strategies:

e Source (naive): Evaluation on the labeled source dataset.

o Target (ground truth): Evaluation on labeled target data (oracle; used only for reference).

e Importance Sampling: Evaluation on a weighted subsample of the source data.

e Importance Weighting: Evaluation on the full source data with importance-weighted metrics.

Unless stated otherwise, results are averaged over 1,000 bootstrap resamples, with confidence intervals computed
from the same distribution. Note that the goal is to approximate the target-domain evaluation; thus, closer
agreement with the target-domain estimate indicates better recovery via weighting or sampling.

4.1 Computer Vision Experiments

In this section, we examine how importance sampling and importance weighting can be used to evaluate model
performance under distribution shift in computer vision, using age and gender prediction as case studies.

We study age and gender prediction using two widely used face datasets: UTKFace [71] and FairFace [35].
Although both contain facial images, there is a distribution shift between them due to different image sources
and demographic composition. We use MiVOLO as a predictive model [39], a transformer-based face analysis
model. To estimate importance weights, we compare three feature spaces: explicit (facial) attributes (Section 3.2.1),
model-internal features, and task-agnostic face embeddings derived from ArcFace [16] using InsightFace.? We
consider controlled intra-dataset shifts, cross-dataset shifts, image-quality-related shifts, and subgroup shifts
relevant for fairness evaluation.

4.1.1  Sanity Checks under Controlled Distribution Shifts. We begin by validating our approach in settings where
the distribution shift is fully known. In the binary classification case (gender), we constructed a synthetic target
distribution consisting of individuals younger than 20 from the UTKFace dataset. The remaining portion of
UTKFace served as the source dataset. Due to the high proportion of babies in UTKFace and the difficulty of
gender classification for babies, the performance of the model on the target population is lower. When importance
weights were computed from explicit meta-data (as defined in Section 3.2.1), both reweighted and subsampled
estimates of precision and recall closely matched the performance measured directly on the target population
(Experiment (a) Figure 1).

!https://github.com/EvelienvdLaan/importance-sampling
2https://www.insightface.ai
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Fig. 1. Precision and recall for four computer vision experiments: (a) known intra-dataset shift with explicit feature weighting;
(b) cross-dataset shift with explicit feature weighting; (c) cross-dataset shift with model-internal feature weighting; (d) cross-
dataset shift with task-agnostic ArcFace embedding weighting, comparing naive source evaluation, importance sampling,
and importance weighting with the ground-truth target evaluation.

We repeated the procedure in a regression setting (age estimation), where the target population was restricted
to elderly individuals (>50 years). The MAE increased in the target population relative to the source. Nevertheless,
using explicit features including ground-truth age in the weighting step yielded accurate estimates of target
performance (Figure 10 in Appendix C).

Takeaway: In line with results from Chen et al. [10], the experiments show that when the axes of distribution
shift are fully observed and known, importance weighting can reliably reconstruct performance on the target
distribution.

4.1.2  Cross-Dataset Distribution Shifts. Next, we consider cross-dataset settings, where source and target samples
are drawn from different benchmarks. We use FairFace as the source data and a subset of UTKFace as target
data. Reweighting based on explicit features (as described in Section 3.2.1), aligns the marginal and joint feature
distributions between the target and the weighted subsample of the source data (see Figure 11 in Appendix C).
Although subsampling does approximate target performance (see Experiment (b) Figure 1), the estimates remain
noticeably weaker than in the synthetic setting, where all axes of distribution shift were known and fully
observable. This suggests that, in cross-dataset cases, part of the shift is driven by latent factors not captured by
the explicit features.

Takeaway: When the true axes underlying distribution shift are unknown, explicit features do not suffice to
capture all factors of cross-dataset shifts.

4.1.3  Model-Internal Features as Solution. We then evaluate whether the learned representations by the model
provide a more comprehensive feature space for importance weighting. Using the final hidden layer of the gender
classification model substantially improved estimates of target performance: both precision and recall approach
the ground-truth target values (Experiment (c) Figure 1). Figure 2 provides a two-dimensional visualization (PCA)
of the source, target, and subsampled source distributions, illustrating how importance sampling reshapes the
source data to better match the target domain.

Beyond shifts in predicted attributes such as gender or age, the model-internal features also captured shifts
along other axes, such as image quality, without requiring explicit knowledge of the type of shift (see Figure 12
in Appendix C). This highlights that model-internal features provide a versatile basis for reweighting even when
the relevant distributional differences are not directly observable.

In order to use the final hidden layer of the model in the feature space for importance sampling, one needs
full access to the weights of the evaluated model. As an alternative, we tested task-agnostic representations.
Task-agnostic embeddings are feature representations obtained from models trained for a different objective (e.g.,
identity recognition via ArcFace [16] rather than age/gender prediction), making them broadly accessible but
not aligned with the evaluated model’s decision boundaries. However, these embeddings failed to recover target
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performance (see Experiment (d) from Figure 1). Unlike task-specific model-internal features, which encode
information directly relevant to gender or age prediction, task-agnostic embeddings capture a broader set of
facial attributes, making it harder to obtain a subsample that resembles the target population.

Takeaway: The experiments show that importance weights based on model-internal features enable accurate
recovery of target performance, whereas general embeddings do not.

—41  method ]
—— source
=61 target )
—— sample
—81 . . ; ; . 4
-4 -2 0 2 4
pca_0

Fig. 2. Two-dimensional PCA projection of model-internal features for the source domain, target domain, and a weighted
subsample of the source data. Importance sampling shifts the source distribution toward the target distribution in represen-
tation space.

4.1.4  Fairness Evaluation under Dataset Shift. We next evaluate whether importance weighting based on model-
internal features can recover subgroup-specific distribution shifts required for fairness analysis. To isolate this
effect, we conducted a synthetic shift experiment in which the age distribution for black and white individuals
was perturbed between source and target datasets (both based on the UTKFace dataset). As shown in Table 1,
importance sampling successfully aligned the distribution of model-predicted features (e.g., age and gender), yet
it does not recover the marginal subgroup distribution P(A) nor the conditional subgroup outcome distribution
P(Y|A). This divergence arises because the model-internal features capture task-relevant (age and gender estima-
tion) variation but do not encode subgroup distributions in a way that makes them recoverable via reweighting.
As a result, fairness metrics computed on the reweighted source data deviated substantially from those measured
directly on the target domain (see Figure 3).

In principle, if model-internal features happen to encode sensitive attributes with sufficient fidelity, reweighting
based on these features might recover subgroup distributions. However, it is generally unclear when such attributes
are encoded and when they are not, and without explicit labels this cannot be verified, which limits the practical
applicability of reweighting based on model-internal features for fairness assessment.

Takeaway: The experiments show that importance weighting based on model-internal features was insufficient
for reliable fairness evaluation, as sensitive attributes and subgroup outcome distributions were not recoverable
from these features.
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AMAE across sampling sets

Source Target Sample 200
Mean Age 33.28 43.62 41.05 g
P(Gender) 052 058  0.58 P - -
P(Black) 0.19 0.50 0.20 0.001 e
Mean Age (Black)  33.14  49.50  37.46 \—1—‘
Mean Age (White) 38.11  37.75 45.37 -

-2.00 1 -

Table 1. Summary statistics by sample. Importance sam-
pling aligns model-predicted features but fails to recover
subgroup and conditional outcome distributions.

Source Target Sample Weighted

Fig. 3. Group differences in mean absolute error (MAE) be-
tween Black and White individuals under P(X | A) shift,
comparing naive source evaluation, importance sampling,
and importance weighting with the ground-truth target
evaluation. Importance weighting based on model-internal
features does not recover subgroup error differences.

4.2 Natural Language Processing Experiments

In this section, we examine how importance sampling and importance weighting can be used to evaluate model
performance and fairness under distribution shift in natural language processing, using natural language inference,
sentiment classification, and language detection as case studies.

4.2.1 Cross-Dataset Distribution Shifts. First, we evaluate our approach on natural language inference (NLI),
where labels are "entailment", "neutral”, and "contradiction". We use a bert-base-uncased model [17] from
Hugging Face, fine-tuned on SNLI [8]. The SNLI validation and test splits serve as source data, while the
mismatched MNLI validation set [67] is used as the target domain. Although both datasets contain labeled
sentence pairs, they differ in genre, style, and length, leading to a drop in accuracy under distribution shift.

To estimate performance in the target domain, we use task-specific model-internal features (the pooled CLS
token from the final hidden layer) as the feature space for importance weighting. Using these representations
substantially improves estimates of target performance, with both precision and recall approaching the ground
truth target values (Experiments (a) in Figure 13 in Appendix C ).

In parallel to the computer vision experiments, we evaluate whether access to model-internal features is
necessary by replacing these representations with a general sentence embedding (sentence-transformers
/all-mpnet-base-v2 [60]). As in the vision setting, this task-agnostic representation fails to recover target
performance (Experiment (b) in Figure 13 in Appendix C).

Takeaway: The experiments show that importance weights based on task-specific model-internal features
enable recovery of performance under distribution shift in NLI tasks, whereas general sentence embeddings do
not.

4.2.2 Label Shift. Next, we consider a setting in which the distributional shift affects the outcome rather than
the covariates. We use a bert-base-uncased model [17], fine-tuned for sentiment analysis on Amazon reviews
[18, 41, 44]. The Amazon test split serves as source data. To construct the target sample, we draw tweets from
TweetEval [53] and modify the class balance such that the proportion of positive sentiment is P(Y = 1) = 0.2.
Consistent with the theoretical expectations outlined in Section 2.1.1, altering the marginal outcome distribution
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affected precision but left recall unchanged (Figure 4). Note that the change in recall observed in the figure reflects
the underlying domain shift between Amazon reviews and tweets, not the label manipulation itself.

Figure 4 displays two experiments. In the first, we applied importance weighting based solely on model-internal
features. Because these features approximate P(Y) through P(Y), reweighting partially aligned the reweighted
sample with the target label distribution. However, since P(Y) is not a perfect proxy for P(Y), due to imperfect
prediction accuracy, the precision still deviated from the true target value. In other words, the model does not
encode enough information about the actual labels.

To address this, we conducted a second experiment in which the initial importance weights were rescaled to
match the empirical target label distribution, as described in Section 3.2.4. Incorporating this outcome information
substantially improved precision estimates, see Experiment (b) in Figure 4. Importantly, this requires only a small
labeled subsample of the target population, rather than full annotation. In cases where such labeling is infeasible,
prior domain knowledge about the expected outcome prevalence could be used to approximate P(Y) in the target
population.

Takeaway: Correcting for P(Y) shifts requires outcome information in addition to model features, particularly
in settings with lower prediction accuracy.

Results by Metric

10 Precision Recall Set
. z I Source

= Target
== sample
= Weighted

Score

@ © @ )

Fig. 4. Precision and recall for two sentiment classification experiments: (a) label shift with model-internal feature weighting;
(b) label shift with model-internal feature weighting and rescaling to match the target outcome distribution P(Y). Comparing
naive source evaluation, importance sampling, and importance weighting with the ground-truth target evaluation.

4.2.3  Fairness Evaluation with Predicted Sensitive Attributes. We conclude with a fairness setting in which the
predicted attribute itself defines the sensitive attribute. Using fasttext-language-identification [33], we
compare Dutch and Afrikaans detection across two domains: CC100 (longer text segments) [12, 66] as the source
and Tatoeba® (short sentences) as the target. On CC100, the model achieved comparable precision and recall for
both languages. When evaluated on Tatoeba, however, recall for Dutch exceeded recall for Afrikaans, indicating
that reduced sentence length makes distinguishing between the two languages harder, with accuracy declining
more for Afrikaans.

To determine whether this emerging disparity can be anticipated prior to deployment, we applied importance
weighting based on model-internal features to subsample CC100 to resemble the target distribution. The weighted
CC100 subset reproduced the recall asymmetry observed on Tatoeba, suggesting that reweighting can reveal
emerging disparities when the predicted class functions as the sensitive attribute (Figure 5).

Takeaway: The experiment shows that importance weighting can reveal fairness disparities in the target
domain when the predicted label is the sensitive attribute.

Shttps://tatoeba.org/
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Fig. 5. Difference in recall between Dutch and Afrikaans under cross-domain distribution shift, Comparing naive source
evaluation, importance sampling, and importance weighting with the ground-truth target evaluation. The target domain
consists of shorter text segments.

5 Discussion and Conclusion

Our analyses highlight that performance and fairness metrics differ in their sensitivity to distribution shift. Metrics
conditioned on the true outcome (e.g., recall or equalized odds) remain stable under label shift, whereas metrics
conditioned on predicted outcomes (e.g., precision or predictive parity) depend on the outcome distribution. As
a result, valid evaluation with these metrics requires evaluation data to match the outcome distribution of the
target population. For fairness metrics, this additionally means matching the outcome distribution within each
subgroup.

Our results also show that model-internal representations provide an effective feature space for reweighting
non-representative evaluation data. Because these representations capture task-relevant structure learned by the
model, they enable estimation of target-domain performance without requiring full annotation of deployment data
or prior knowledge about how source and target distributions differ. This is particularly useful under cross-dataset
shift, where the factors driving the distribution change are not fully observable.

Fairness evaluation is more demanding. Recovering subgroup disparities depends on the extent to which
sensitive attributes are represented in the model-internal features. When these attributes are weakly encoded
or absent, reweighting may recover overall performance while failing to recover group-level disparities. An
important exception arises when the predicted label itself is the sensitive attribute, in which case model-internal
features inherently encode group membership. Moreover, label shift requires separate treatment: when outcome
prevalence differs between source and target populations, feature-based reweighting alone may not recover
correct evaluation metrics. In practice, this can be addressed by adjusting the weights to match the target outcome
distribution—either through a small labeled subsample, prior knowledge of expected prevalence, or by using Y as
a proxy for Y when the model is well calibrated.

Across experiments, importance sampling and importance weighting produce comparable estimates of target
performance. Importance weighting typically yields lower variance because it uses all available data, whereas
importance sampling can be advantageous when additional annotation is required, since only a representative
subset must be labeled.

We evaluate our approach on synthetic, computer vision, and natural language benchmarks to assess its
behavior under different types of distribution shift and data modalities. These experiments suggest that the
approach can generalize across domains, provided that suitable feature representations are available. However,
the considered benchmarks do not cover all possible forms of distribution shift, and may not fully capture the
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complexity of real-world deployment environments. Additionaly, fairness analysis depends on the availability
and quality of sensitive attribute annotations.

5.1 Assumptions and Limitations

Valid performance evaluation can still be supported without representative labeled data, provided that appropriate
assumptions are made. First, the conditional relationship P(Y|X) must remain stable; under concept shift, the
model no longer represents the target mechanism and reweighting cannot recover valid evaluation metrics.
Second, importance weighting requires sufficient support overlap between source and target feature distributions.
If the target distribution lies outside the support of the source data, reliable reweighting is not possible. These
assumptions are commonly satisfied or approximately hold in many real-world settings where distribution shift
is driven by changes in population composition rather than changes in the underlying labeling mechanism.

Recovery of fairness estimates introduces additional constraints. If sensitive attributes are not explicitly
available and are insufficiently represented in the feature space used for weighting, subgroup disparities cannot
be reliably recovered. Before applying reweighting, it may be useful to assess the extent to which sensitive
attributes are encoded in model-internal representations [59]. When sensitive attributes are strongly represented,
importance sampling is more likely to recover subgroup distributions, and thus recover actual target model
performance and fairness. In settings of weak representation, subgroup recovery would require incorporating
explicit group information into the weighting scheme, for example via (automatically generated) annotations.

Finally, the approach inherits standard assumptions of density ratio estimation and importance weighting.
We note that several refinements of importance sampling and density ratio estimation have been proposed
to address common pitfalls such as high-variance weights and poor behavior under limited support overlap
[10, 13, 24, 63, 64]. These techniques can be incorporated directly into our framework without changing its core
objective.

5.2 Conclusions

This paper clarifies how accuracy and fairness metrics behave under distribution shift and proposes the use of
model-internal features for reweighting as a practical method to approximate target-domain evaluation without
fully labeled target data. Three conclusions follow.

First, distribution shift affects metrics unevenly: label-conditioned metrics remain stable under label shift, while
prediction-conditioned metrics do not. Second, reweighting based on internal model representations successfully
recovers target performance, it shines particularly when the axes of shift are unknown, as in cross-dataset settings.
Third, fairness auditing may still require access to sensitive attribute information, as internal features alone may
not reliably encode P(A) and P(Y | A).

Overall, importance reweighting based on model-internal features provides an accessible and practical alterna-
tive when target data annotations are limited or absent. The core message remains: reliable evaluation requires
alignment with the distribution in which models are deployed.
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A Overview of Conducted Experiments

Task Shift Source Target Model Weighting Features

Synthetic (Cls.) Covariate, Label, Fairness ~ Simulated = Simulated Logistic ~ X(3), A(1), Y(1)

Age / Gender (CV)  Intra dataset UTKFace  Subset UTKFace MiVOLO Explicit (10)

Gender (CV) Cross dataset Fairface Subset UTKFace MiVOLO Explicit (10), Internal (384), Arcface (512)
Gender (CV) Quality FairFace ~ Subset UTKFace MiVOLO Internal (384)

Age (CV) Fairness UTKFace  Subset UTKFace MiVOLO Internal (384)

NLI Cross-dataset SNLI MNLI (mm) BERT Internal (768), MPNet (768)

Sentiment Cross-domain, Label Amazon  Twitter BERT Internal (768)

Language Detection Cross-domain CC100 Tatoeba fastText  Internal (256)

Table 2. Overview of conducted experiments, datasets, and tasks. Feature dimensionalities (before PCA) are shown in
parentheses.

B Synthetic Experiments

In this appendix, we present controlled synthetic experiments that illustrate how importance sampling and
importance weighting behave under different types of distributional mismatch. These experiments allow us to
isolate specific mechanisms—such as covariate shift, label shift, and fairness-related shifts—and to verify the
theoretical insights discussed in the main text.

B.1 Data Generating Process

We simulate binary outcome data Y € {0, 1} based on covariates X € R and a binary sensitive attribute A € {0, 1}.
The probability of the positive class is governed by a logistic model:

logit(P(Y = 1| X,A)) = o+ X" B, + A,
Y ~ Bernoulli(expit(logit)) )

Unless stated otherwise, we set fy = —2, f; =1, and f, = 2. For experiments involving extreme shifts in P(A),
we use f; = 5, while for fairness experiments we set f = 0. Exact parameter configurations are provided on
GitHub.

In the source domain, covariates are drawn as X ~ N (0, 2) and A ~ Bernoulli(0.5), yielding a class prevalence
of P(Y = 1) = 0.41. Target domains are generated by introducing distributional shifts relative to the source,
including changes to P(A), shifts in the (marginal or conditional) distribution of X, and adjustments to P(Y) to
simulate label shift.

We generate a fixed source dataset of size n = 250,000, multiple target datasets of size n = 10,000, and
source test subsets of size n = 125,000.

B.2 Predictive Model and Density Ratio Estimation

The model whose performance we aim to estimate is fitted on the training subset of the source dataset. We use
logistic regression to model P(Y | X, A).

Density ratio estimation is performed using a random forest classifier trained to distinguish between samples
from the target dataset and the source test set. The predicted probabilities are then used to compute importance
weights
_ ptarget (x)

W(X) B psource(x) '
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Our approach is model-agnostic and does not rely on assumptions about the predictive model. While we
present results using logistic regression, we observe similar qualitative patterns when using more flexible models
such as random forests to generate predictions Y.

B.3 Experimental Scenarios

Using the data-generating process described above, we construct synthetic experiments that isolate different
types of distributional mismatch. Specifically, we consider:

o Covariate shifts, induced by changes in P(X) or subgroup proportions P(A) while keeping P(Y | X, A)
fixed;

o Label shift, induced by changes in the marginal outcome distribution P(Y);

e Fairness-related shifts, induced by changes in P(X | A) that affect group-level performance without
altering the conditional outcome model.

These controlled settings allow us to evaluate when importance sampling and weighting recover target-domain
performance and fairness, and when they fail.

B.4 Results

B.4.1 Covariate Distribution Shifts. We first evaluate our method under covariate shift, induced either by
translating the mean of X or by altering subgroup proportions P(A), while keeping P(Y | X, A) fixed. Figure 6
shows that as the mean of X in the target population drifts further from the source distribution, naive source
evaluation increasingly deviates from true target performance, whereas both importance sampling and importance
weighting closely approximate target-domain performance. Experiment (a) in Figure 7 illustrates the same pattern
under an extreme shift in P(A).

Takeaway: Importance weighting reliably corrects for covariate shifts, provided there is sufficient overlap in
support.

Dataset o175 || Dataset
014 | —e— Sample —o— sample
S —o— Source

—o— Wieighted

Fig. 6. Estimation error of target-domain precision and recall under increasing covariate shift in P(X), comparing naive
source evaluation, importance sampling, and importance weighting relative to the ground-truth target evaluation. The mean
of the target covariate distribution is progressively shifted away from the source distribution.

B.4.2 Label Shift. Next, we simulate label shift by changing the prevalence of Y in the target distribution.
As expected, recall remains stable while precision decreases as P(Y = 1) declines (Experiment (b), Figure 7),
confirming the theoretical result from Section 2.1.1.

Rescaling importance weights to match the target outcome distribution P(Y), as described in Section 3.2.4,
restores precision even under large prevalence shifts (Figure 8).

Takeaway: Label shifts affect prevalence-dependent metrics and can be corrected using outcome information.
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Results by Experiment
Set
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Fig. 7. Estimated precision and recall under synthetic covariate and label shift, comparing naive source evaluation, importance
sampling, and importance weighting with the ground-truth target evaluation. Experiment (a) applies an extreme subgroup
proportion shift in P(A); Experiment (b) applies label shift with importance weights constructed using outcome information.
Error bars denote standard errors across simulation runs.

Precision

o4 Dataset

Absolute difference vs target

05
Target P(Y)

Fig. 8. Estimation error of target-domain precision and recall under varying outcome prevalence P(Y), comparing naive
source evaluation, importance sampling, and importance weighting relative to the ground-truth target evaluation. Precision
varies with P(Y).

B.4.3  Fairness Evaluation. We introduce a conditional covariate shift by sampling X from group-specific dis-
tributions, altering P(X | A) while keeping P(Y | X, A) unchanged. Although source evaluation shows no
disparity, target evaluation reveals group-level differences in recall (Figure 9). Importance weighting recovers
these disparities.

Takeaway: Importance weighting can reveal fairness disparities that remain hidden when evaluation is per-
formed on non-representative source data.

B.4.4 Importance Sampling versus Importance Weighting. Finally, we compare importance sampling and impor-
tance weighting. While both methods yield similar point estimates, importance weighting produces narrower
confidence intervals due to its use of the full source dataset (Figures 6, 7, and 8). Note that when manual annotation
of evaluation data is required, subsampling may be preferable, since the estimates are nearly identical, yet the
annotation effort is greatly reduced.

Takeaway: Importance sampling and weighting perform similarly; weighting improves statistical efficiency,
while sampling reduces annotation effort.
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Fig.9. Group differences in recall under a conditional covariate shift in P(X | A), comparing source evaluation and importance-

weighted estimates with the ground-truth target evaluation. The shift is induced by changing the mean of X for one sensitive
group.

C Supplementary Results
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Fig. 10. Estimated mean absolute error (MAE) for age prediction under a controlled covariate shift to older individuals,

comparing naive source evaluation, importance sampling, and importance weighting with the ground-truth target evaluation.
Importance weights are computed using explicit features, including ground-truth age.
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Fig. 11. Marginal distributions of explicit features for the source dataset (FairFace) and the target dataset (UTKFace subset).
Reweighting the source samples using explicit features aligns the weighted sample of the source distributions with those of
the target.
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Fig. 12. Precision and recall for cross-dataset shift driven by image quality with model-internal feature weighting comparing
naive source evaluation, importance sampling, and importance weighting with the ground-truth target evaluation.
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Fig. 13. Precision and recall for two natural language inference experiments: (a) cross-dataset shift with task-specific model-
internal feature weighting; (b) cross-dataset shift with task-agnostic sentence embedding weighting, comparing naive source
evaluation, importance sampling, and importance weighting with the ground-truth target evaluation.
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D Bayes’ Decomposition Predictive Parity
P(Y,Y,A)

P(Y,A)
_ P(Y | Y,A)P(Y,A)
- P(Y, A)
_ P(Y|Y,A)P(Y,A)P(A)
~ P(Y]4)P(A)

P(Y|Y,A) =

P(Y|Y,A)P(Y|A)

- P(Y|Y = 1,A)P(Y = 1]A) + P(Y|Y =0, A)P(Y = 0|A)
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