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Abstract. Model performance evaluation is a critical and expensive
task in machine learning and computer vision. Without clear guidelines,
practitioners often estimate model accuracy using a one-time completely
random selection of the data. However, by employing tailored sampling
and estimation strategies, one can obtain more precise estimates and
reduce annotation costs. In this paper, we propose a statistical frame-
work for model evaluation that includes stratification, sampling, and
estimation components. We examine the statistical properties of each
component and evaluate their efficiency (precision). One key result of
our work is that stratification via k-means clustering based on accurate
predictions of model performance yields efficient estimators. Our exper-
iments on computer vision datasets show that this method consistently
provides more precise accuracy estimates than the traditional simple
random sampling, even with substantial efficiency gains of 10x. We also
find that model-assisted estimators, which leverage predictions of model
accuracy on the unlabeled portion of the dataset, are generally more
efficient than the traditional estimates based solely on the labeled data.
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1 Introduction

Measuring the accuracy of computer vision (CV) algorithms is necessary to com-
pare different approaches and to deploy systems responsibly. Yet, data labeling
is expensive. While machine learning techniques are increasingly able to digest
large training sets that are sparsely and noisily annotated, test sets require a
greater level of care in their construction. First, the tolerance for annotation
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quality is much stricter, as annotation errors will lead to an incorrect estima-
tion of model accuracy. Second, data must be collected and annotated at a scale
such that the confidence intervals around the error rates are sufficiently narrow
(compared to the error rates) to make meaningful comparisons between models
and error rates have been plummeting. Lastly, for many applications, evaluat-
ing a single model can involve multiple test sets designed to assess performance
in different domains, metrics, and scenarios. This is necessary in testing, for
example, cross-modal models such as CLIP [77]. Practitioners facing the cost
of putting together test sets will ask a simple question: How can one minimize
the number of annotated test samples that are required to precisely estimate the
predictive accuracy of a model?

Efficient estimation of model accuracy can be achieved by co-designing sam-
pling strategies (for selecting which data points to label) and statistical esti-
mation strategies (for calculating model performance). One may craft sampling
strategies that maximize the (statistical) efficiency of a given method for estimat-
ing model accuracy, that is, minimize its error given a fixed number of annotated
samples [47,55]. Unlike simple random sampling, which picks any example from
the dataset with equal probability, efficient strategies will select the most infor-
mative instances to annotate when constructing a test set. One may also look for
efficient estimators. Unlike design-based approaches, which base the statistical
inference solely on the labeled sample, model-assisted estimators leverage the
predicted labels on the remaining data to increase the precision of the estimates
[8,82,100]. However, CV researchers continue to rely on simple random sampling
and design-based inference. Why?

We believe that there are two reasons why efficient sampling strategies and
estimators have not yet been adopted. First, although the literature offers many
different statistical techniques, CV practitioners do not have guidance towards
a “backpocket method” that they can trust out-of-the-box. Second, there is
no comprehensive study that compares sampling and estimation strategies on
CV data. Thus, it is not clear whether the additional complexity of using such
sampling techniques will pay off in terms of lower costs.

We address both issues here. We aim to give a readable and systematic
account of methods from the statistics literature, test them on a large palette of
CV models and datasets, and make a final recommendation for a simple and effi-
cient method that the community can readily adopt. We take a practical point of
view and choose to focus on one-shot selection techniques, rather than sequential
sampling. This is because the job of annotating data is typically contracted out
and carried out all at once, and thus the process of data sampling has to take
place entirely before data annotation.

More specifically, our work outlines a framework consisting of stratification,
sampling design, and estimation components that practitioners can utilize when
evaluating model performance. We review simple and stratified random sampling
strategies with proportional and (optimal) Neyman allocation, as well as the
Horvitz-Thompson and model-assisted difference estimators [8]. Building on the
survey sampling literature, we describe how to stratify the sample and design
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Fig. 1. Mean squared errors (MSEs) of estimators across sampling designs.
Estimates of zero-shot accuracy of ViT-B/32 in classification tasks on three datasets as
a function of the amount of labeled data. Stratified sampling can dramatically reduce
the number of annotations needed to accurately estimate the model accuracy com-
pared to the naive average (HT) under simple random sampling. Neyman allocation
can sometimes further improve precision compared to proportional allocation. (From
left to right) No savings on the Dmlab Frames dataset, about 5x savings on the Stanford
Cars, and about 10x savings on CIFAR-10. Note that the efficiency (precision) gains
vary considerably between datasets (analysis and discussion in Sect. 4). In the absence
of stratified sampling with k-means on model predictions, the difference estimator can
also greatly help.

sampling strategies tailored to maximize the efficiency of the target estimator.
We show that one should leverage accurate predictions of model performance
(e.g., the predicted classification error of a CV classifier) in the stratification
procedure or via the difference estimator to increase the precision of the estimates
and reduce the number of samples needed for testing. We experimentally show
how to apply the framework to benchmark models on CV classification tasks.

Figure 1 shows the main takeaways from our work. The model-assisted dif-
ference estimator and stratified sampling strategies (both proportional and Ney-
man) can significantly improve the precision of CV classifier accuracy estimates
compared to naive averaging (Horvitz-Thompson) on a random data subset,
e.g., achieving a 10x gain in precision on CIFAR-10 [57]. While the improve-
ments may vary (e.g., modest gains on Stanford Cars [56]) or be less pronounced
in some cases (e.g., DMlab Frames [104]), stratified sampling with proportional
allocation consistently offers a reliable and often superior performance. Can one
predict when clever methods will yield more bang for the buck? Yes, in Sect. 4,
we explore the question of when and why these methods provide the most benefit
to gain insights to apply them effectively.

Contributions and Outline. A summary of our contributions is as follows:

— In Sect. 2, we prescribe a statistical framework for model evaluation consisting
of stratification, sampling, and estimation components. ((Algorithm 1).

— In Sect. 3, we discuss the design of stratification, sampling, and estimator. In
particular, we show that maximizing the efficiency of the Horvitz-Thompson
estimator under proportional allocation is equivalent to optimizing a k-means
criterion (Proposition 2 and Corollary 1).
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— In Sect. 4, we explore the behavior of different options using a wide range
of experiments on CV datasets. We find that carefully designed stratifica-
tion strategies as well as model-assisted estimators always yield more precise
estimates of model performance compared to naive estimation under simple
random sampling (Fig.2). Calibration and accurate prediction of the loss are
key to obtaining highly efficient estimators (Fig. 3).

Related work and proofs are deferred to the Appendix.

2 Framework Overview

We provide a formal description of the problem setup and of our framework
in Sect.2.1 and Sect. 2.2 respectively. To ground our discussion, we use a clas-
sification task as a recurring example, although our framework also applies to
regression tasks.

2.1 Formal Setup

Consider a dataset D consisting of N instances {(X;,Y;): ¢ = 1,...,n} drawn
independently from distribution P. (Think of each instance as an image X; € X
and its corresponding ground truth label Y; € ).) We have access to a predictive
model f that outputs estimates f,(X;) of the likelihood that label y € ) is
present in the i-th image X; for all y € ). The predicted label with the highest
score is V; = argmax, ¢y, f, (X;). Let (X,Y) be a draw from P and let Z be the
predictive error of our model f on (X,Y). Our target of interest is a predictive
performance metric € of the model f, defined as § = Ep[Z]. For example, taking
Z = 1(Y = Y) yields the usual classification accuracy, Z = (1 — fy (X))? the
squared error, and Z = —log fy (X) the cross-entropy.

In principle, we could estimate 6 using D by ép =N"! > iep Zi. However,
while we have access to X and to the outputs of f for all 1 < i < N, Y is
not readily available. Our budget only allows us to obtain Y for a subset of
the instances & C D of size n < N. We will randomly select these instances
according to a sampling design mw, which is a probability distribution over all
subsets of size n in D. We denote by m; > 0 the likelihood that the i-th instance
is included in S. Using the available data, we then obtain an estimate 6 of p.

We measure the efficiency of the estimator 0 of 0 in terms of its mean
squared error MSE(G 0) = IEP[ [(9 — 0)?]]. The bias-variance decomposi-
tion yields MSE(8,6) ~ (Ep[E,[0]] — #p)2 + Ep[Var,(A)] because Varp(E,[0])
is small when n <« N. Thus, the MSE will be driven by the bias and variance
over the sampling design. Since we will only look at design-unbiased estimators,
the MSE will correspond to the variance. We define the relative efficiency of esti-
mator 81 relative to 6(2) under a sampling design 7 as the inverse of the ratio
of their MSEs, that MSE (9(2) QD)/MSE (9(1) 0p). We say that estimator o)

is more efficient than 2 when the relative efficiency is greater than one.
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Algorithm 1. A Framework for Efficient Model Evaluation (see Sect. 2.2)
Input: Test dataset D of size N with predictions of f, annotation budget n < N.

1: Predict: Construct a proxy Z of Ep [Z| X] and add predictions {Z;}iep to D.
: Stratify: Partition the dataset into H strata (or clusters) {Dy,}1_; using Zor X.

: Sample: Select S (|S| = n) from D based on the chosen design.
: Annotate: Obtain labels {Y;}ics, compute performance {Z; }ics.

Ot o W N

: Estimate: Compute estimate ¢ of model performance § = Ep[Z].

Output: Estimate 9.

2.2 Framework Overview

Algorithm 1 outlines a framework for estimating the performance of a predictive
model from a dataset D when only a subset S of instances has been labeled.
The framework consists of an optional step for predicting model performance,
a stratification or clustering procedure, a sampling design or strategy, and an
estimator. Next, we discuss the choices for each of these components.

Prediction (of Z). The first step involves building a proxy Z of Z that is inde-
pendent of the observed labels. For example, when Z = 1(Y = Y) represents
the accuracy of the classifier, we could take Z; := E[Z; | X;] = P(Y; = Y;), which
can be estimated via:

— Model predictions f(X): Use Z; = fg (Xi) (likelihood of the model’s top
class) as a proxy.

— Augiliary predictions f*(X): Use Z; = f& (X;), the prediction of an auxiliary
model f* that, similarly to f, estimates the probability distribution of Y.

Stratification. Stratification involves partitioning the population D into H > 0
strata, {Dy, }_, with |Dj| = Nj,. We can use standard clustering algorithms to
form the strata based on:

— Proxy Z: Construct strata using the estimates {Z}iep.
— Features X: Cluster the images {X;}iep, e.g., by using their feature repre-
sentations obtained from an encoder.

Sampling. Two popular classes of sampling designs with fixed size and without
replacement are:

— Simple random sampling (SRS): Randomly sample n instances from D with
equal probability.

— Stratified simple random sampling (SSRS): Allocate budget nj, to each stratum
1 < h < H such that ZhH:1 np = n and conduct SRS within each stratum,
obtaining Sy,. SSRS designs differ in how the budget n is allocated to strata.
We analyze two allocation strategies in Sect. 3. Throughout our discussion,
we will assume that strata sizes are large: 1/Ny, ~ 0 Vh € [H].
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Estimation. We consider two instances of (unbiased) design-based and model-
assisted estimators, chosen for their well-established statistical properties.!

— Horvitz-Thompson estimator (HT) [43]: This design-based estimator is defined

as: ) P
Oy = — > 2L, 1
i NZM (1)

€S

HT is design-unbiased, that is, E [fir] = 0p for = € {SRS, SSRS}. It follows that
MSE(é\7 0) =~ EP[MSE(a, (3@)} =Ep [Varﬂ(é\)] and the design-based variance
is the sole source of error.

— Difference estimator (DF) [8,83]: This model-assisted estimator is defined as:

~ 1 ~ 1 Zi— 7

bor =D Zi+—y ——= 2

PF=N . TN P (2)
i€D 1ES

where Z is an estimate of Z;. The first term, Zz’eD Z—, is independent of
the sampling strategy. The second term corrects the bias of the first term, as
Yoics Bx[(Zi — Zi) /73] = > ;ep(Zsi — Z;). This makes the DF estimator also
unbiased under the sampling design.

These estimators offer complementary strengths: HT offers simplicity and unbi-
asedness, while DF provides potential variance reduction by incorporating model
predictions. Our framework leverages these properties to improve the efficiency
of model performance evaluation in computer vision tasks. In the next section, we
will discuss the optimal design of these stratification, sampling, and estimation
components.

3 Design of Framework Components

To evaluate the effectiveness of the components in determining the estimator’s
variance or efficiency, we review the optimality of each. In Sect. 3.1 we analyze the
efficiency of the estimators under the sampling designs. In Sect. 3.2 we discuss
how the choice of the proxy Z for Z can improve the efficiency of stratified
sampling procedures. Lastly, in Sect. 3.3 we discuss the choice of the proxy in
terms of the efficiency of the DF estimator.

3.1 Choosing the Sampling Design
Under SRS, m; = n/N for all 1 < ¢ < N and the HT estimator is simply the

traditional empirical average n ! > ics Zi- Its MSE under the sample design is
given by:

1-f

n

0D 2

MSEsgs (0ur, 0p) = 57, (3)

! In preliminary experiments we assessed other model-assisted estimators in the class

of “generalized” regression estimators [8,83,100] and found results comparable to
DF.
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where f = n/N represents sampling fraction and S% = (N —1)"' Y. (Z; —
0p)? is the variance of Z in the finite population. From standard arguments in
sampling statistics, under the setup of Sect. 2, it can be shown that

MSESRS(é\HT; §D)71/2(§HT — é\p) 4, N(0, 1)

as n,N — oo and N —n — 0 (see, e.g., Corollary 1.3.2.1 in [30]). Estimation
of the uncertainty around gHT can be performed using a plug-in estimator of
the variance S% in (3). In particular, when f ~ 0 and 1/n ~ 0, we recover the
common MSE or variance estimator MSESRS(@T, é\D) ~ D ies(Zi — HHT) /n?
One standard SSRS approach to budget splitting is proportlonal allocatlon,
which assigns the budget proportionally to the size of the stratum in the finite
population. For all 1 < h < H, we assign n, « Ny, and set m; = ny /N, for all i €

Dy, Under this allocation, the HT estimator is fyp = N~ Zthl (Nu/nn) Y ics, Zi
and its MSE is given by:
<Ny
MSEssas.p (fer. 0p) = Z ~ 5% (4)

where S%h is the variance of Z in the h-th stratum [94]. Analogous to SRS,
asymptotic guarantees for HT under SSRS can also be obtained (see Theorem
1.3.2 in [30]).

One can also seek a budget allocation that minimizes the error of HT, which is
MSE(&HT, 91)) This strategy is known as Neyman or optimal allocation [73] and
in the case of the HT estimator it assigns ny oc IV}, S%h [21,94]. This means that
more samples will be assigned to larger and more variable strata compared to
proportional sampling. The HT estimator remains the same as under proportional
allocation but its MSE now becomes:

N 2 1 AN
MSEsggs, O(GHTyeD) n( E ]\;Lszh) N E th%h' (5)
h=1 h=1

Since Z does not depend on the labels in S, the MSEs of the DF estimator under
SRS and SSRS are obtained by replacing Z with (Z — Z) in the formulas above,
including for Neyman allocation [12].

By comparing (3), (4), and (5), we can derive the following well-known result,

which identifies the sampling designs that yield the most precise estimates of é\D
[21,30,65,94].

Proposition 1. Under the setup of Sect. 2,
MSESSRS,o(é\HTa é\D) < MSESSRS,p(é\HTa é\D) < MSESRS(é\HTyé\’D)- (6)

Similar inequalities also hold for the DF estimator. This result establishes
that SSRS with proportional allocation consistently yields estimates with equal
or lower MSE compared to SRS for the HT and DF estimators. The reduction in
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MSE depends on the homogeneity of the strata: When model performances Z
within each stratum are mostly equal, gains in efficiency of SSRS compared to
SRS are largest. When we know the standard deviation Sz, and this term varies
substantially across strata, Neyman allocation can provide even more precise
estimates than proportional sampling. However, when our estimates of Sz, are
incorrect, Neyman allocation may lead to less precise even compared to SRS. The
empirical results presented in Sect. 4 align with these conclusions.

3.2 Designing the Strata

We turn to the construction of the strata. We can rewrite the MSE of the HT
estimator under SSRS with proportional allocation, MSEgsgs ,,(fur, 6p), in (4) as:

1

T30 S U870+ B, o)+ X (2= 2 4222~ 2] | (0

h=1i€Dy, i€D

where Zp, = N}jl Zz’eDh Z and é\ph = N{l ZiEDh Z;. The first term on the
right-hand side of (7) represents the within-strata sum of squares of the predic-
tions {Z—}iep. When Z ~ Z;, the second term becomes negligible. Since the
remaining terms do not depend on the stratification, the strata construction
affects the MSE only through the first term. This intuition is formalized in the
following result.

Proposition 2. Assume that Z = Ep[Z;| Xi] for all i € D. Then the parti-
tion {Dp Y, of D that minimizes Zle(Nh/N)S%h also minimizes the error
E p[MSEssss.p (0, 0p) | X] where X = {X; }iep.

The result follows from standard decompositions of proper scoring rules [58]
and implies that minimizing the weighted within-strata sum of squares for 7 will
also minimize the MSE of the HT estimator under proportional stratification. In
other words, this means that when a good predictor of the model performance
based on X is available, using its predictions alone (as compared to clustering
on X) will be sufficient to maximize the efficiency of the HT estimator. This also
provides practical guidance on which criterion to optimize, as summarized in the
following corollary.

Corollary 1. The partition {Dp}L, of D minimizing Ep [MSESSRS,p(é\HTa
0p) | X] is the same as that optimized by k-means clustering on {Ep[Z; | X;]}ien-

The corollary follows directly from Proposition 2. Thus, we can expect larger
efficiency gains for the HT estimator under SSRS with proportional allocation
when strata are formed by solving the k-means clustering criterion on Ep[Z | X].
In practice, this expectation is unknown and we have to rely on its proxy 7. A
natural choice for the clustering algorithm is then to use the k-means algorithm
itself on the proxy. Nonetheless, the experiments in Sect. 3 will show that even
with estimated values, this approach still leads to better efficiency gains com-
pared to stratifying based on the feature representations of X obtained using
the same model.
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3.3 Choosing the Estimator

Based on our discussion in Sect. 3.1, one might have guessed that the DF esti-
mator will have lower MSE than the HT estimator when Z and Z are positively
associated. To formally characterize this intuition, consider SRS, under which
the MSE of the DF estimator is:

s 1—ff1 SN2 (A o2
MSEggs (fpr, p) ~ n{N Z(ZZ- ~Z)? —(0p — 2) } (8)
i€D

The first term on the right-hand side of (8) represents the MSE of Z; with
respect to Z;, while the second term represents a squared calibration error. It
follows that choosing Z; = Ep[Z; | X;] for all 1 <4 < N minimizes the expected
MSE of DF under SRS. This choice for Z aligns with our recommendation from
the stratification procedure and leads to the following result:

Proposition 3. Assuming Z; = Ep|Z; | X;], we have

E p[MSEgss (B, 6p)] _ Ep[Varp(Z| X)) ©
E p[MSEsgs (Gur, 0p)] Varp(Z)

Since Varp(Z) = Ep|[Varp(Z|X)] + Varp(Ep[Z | X]) by the law of total
variance, the ratio in Proposition 3 will always be less than 1. This means that
the DF estimator will yield more precise estimates than HT as long as Z is well
specified. The efficiency gains of DF over HT under SRS will be highest when
the auxiliary information X is predictive of Z, that is, when Varp(Ep[Z | X]) is
large.

Under SSRS with proportional allocation, we can similarly show that

s~ s 1-f [1 5w Ny 2
MSESSRs,p(9DF7 9D) ~ {N Z(Zz - Zi)Q - Z Wh(eDh - ZDh)z} .

n ‘
€D h=1

Since the first term on the right-hand side will in general dominate when the
proxy is calibrated, we should not expect significant efficiency gains of DF com-
pared to HT under this sampling design when the strata are finegrained enough,

ie., Z 771),1 = 0 for all 7 € Dy,. Thus, the uncertainty of the DF and HT estimates
under SSRS will be CIOSG7 i.e., MSESSRS,p(eDFa GD) ~ MSESSRS,p(eHTa GD)

4 Empirical Evaluation

4.1 Experimental Setup

To evaluate the methods, we consider the classification setup described in Sect. 2.
Our goal is to compare the efficiency or precision of sampling designs and associ-
ated estimators of the predictive performance of a model f, namely § = Ep[Z],
by having access only to a limited number of labels (say n = 100) from our test
dataset D of size N > n.
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Tasks and Models. Our main evaluation focuses on the zero-shot classification
accuracy (Z = 1(Y =Y)) of a CLIP model f with ViT-B/32 as the visual
encoder, pretrained on the English subset of LAION-2B [44,77,87]. We evaluate
its accuracy on the tasks included in the LAION CLIP-Benchmark [59]; the full
list is provided in Sect.8. This benchmark covers a wide range of model perfor-
mances and task diversities, making it a suitable testbed for comparing different
estimation methods. To construct Z, we use the confidence scores from either
CLIP ViT-B/32 or from the surrogate model f* CLIP ViT-L/14. The latter
model achieves higher classification accuracy than the former across most tasks
in the benchmark, meaning that the proxy Z is a better predictor of Z. Addi-
tionally, we calibrate the proxy Z with respect to Z via isotonic regression on a
randomly sampled half subset of D; technically, one could conduct training and
evaluation on the same dataset with cross-fitting. We carry out the estimation
procedure on the remaining half of the data, D. For stratification purposes, we
obtain feature representations from the penultimate layer of f. We arbitrarily
set the number of strata to 10 for all experiments; in the case of SSRS with pro-
portional allocation, more strata would lead to more efficiency gains. Our code
and package is available at github.com/amazon-science/ssepy.

Additional Experiments. In Sect.8, we include additional experiments to eval-
uate the performance of our methods. These experiments cover: (Sec. 8.2) the
estimation of performance metrics other than classification accuracy; (Sec. 8.3)
results with predictions generated with linear probing and (Sec. 8.4) with pre-
dictions by CLIP with ResNet and ConvNeXT backbones [38,64]; (Sec. 8.5) an
analysis on two datasets from the WILDS out-of-distribution benchmark [53].
Some of the results of these experiments are also summarized in Sect. 5. In partic-
ular, we compare the efficiency of our methods on data that is out-of-distribution
for the model and for the proxy Z of Z.

4.2 Results

We study the efficiency of sampling design, stratification procedures, and esti-
mators. We then analyze where the efficiency gains over HT under SRS arise.

Sampling Design. Proposition 1 states that estimates obtained through SSRS
with proportional allocation using the HT and DF estimators consistently achieve
lower variance or MSE compared to those obtained via SRS. Figure2 corrobo-
rates this analytical finding (see also the results in Table in Sect. 8), showing that
MSESSRS@HT, 51)) < MSESRS(§HT, é\p) regardless of the features used for stratifica-
tion. The gain varies across tasks and, when using surrogate model predictions,
the relative efficiency ranges from about 10x on some tasks to no gain on others.
While Neyman allocation is guaranteed to yield more precise estimates compared
to these sampling designs when the allocation is based on Sz, , in practice we
need to rely on its plug-in estimator Sz, = [Zp, (1 — Zp,)]*/?. This can intro-
duce inaccuracies in the budget allocation. Indeed, we observe that Neyman
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Fig. 2. Comparison of efficiency across stratification procedures, sampling
designs, and estimators. The violin plots illustrate the relative efficiency of the
Horvitz-Thompson (HT) estimator under simple random sampling (SRS, red dashed
line) compared to other survey sampling strategies and estimators (relative efficiency
is MSE, (fsr)/MSEsss (fur)) for estimating the accuracy of CLIP ViT-B/32 on classi-
fication tasks in the benchmark. Lower values indicate larger efficiency gains compared

to the baseline. The dots and lines represent the relative efficiencies of the sampling
methods and estimators on the various tasks.

allocation can perform even worse than SRS and SSRS with proportional alloca-
tion. However, when Z is derived from the predictions of the surrogate model
f* and is further calibrated, then Neyman allocation consistently matches or
exceeds the performance under SRS. On certain tasks, the MSE of HT is more
than 10x lower compared to under SRS.

Stratification. In Sect.3.2, we discussed how stratifying on Z = Jg(X) can
result in higher homogeneity within strata compared to stratifying directly on
the image embeddings obtained from the same model. This is consistent with
the findings in Fig. 2, where the efficiency of the HT estimator under SSRS with
proportional allocation is generally higher when stratification is performed on
the proxy. Stratification using the proxy based on the predictions generated by a
surrogate model f* with higher performance, here CLIP ViT-L/14, additionally
increases efficiency. This improvement is observed for proportional allocation
across all tasks and, in most cases, for Neyman allocation as well. Calibrating
these predictions does not appear to affect the formation of the strata and there-
fore does not affect performance under proportional allocation. However, it does
change the allocation of the budget and consequently, we observed an increase
in the performance of the estimates under Neyman allocation.

Estimator. The analysis in Sect. 3.2 suggests that, under SRS, the DF estimator
has the potential to significantly improve the precision of our estimates com-
pared to HT. However, as shown in Fig. 2, the efficiency gains of the DF estimator
should not be taken for granted. When Z is based on uncalibrated model pre-
dictions, we observe that DF achieves higher efficiency than HT in many but not
all of the tasks. In some cases, it performs substantially worse than HT. How-
ever, the DF estimator that leverages the calibrated proxy always achieves equal
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or lower MSE than HT. Consistently with our theoretical findings in Sect. 3.3,
the values of MSESRS(HDF,GD) for calibrated predictions are close to those of
MSESSRS,p(HHT, HD) indicating similar gains in efficiency. Finally, as discussed in
Sect. 3.3, HT and DF under SSRS yield estimates with virtually the same precision
and are excluded from the figure.
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Fig. 3. Characterization of efficiency gains. The left panel shows the mean squared
error (MSE) of the difference estimator (DF) under simple random sampling (SRS, cor-
rected by n/(1 — f)) as a function of the zero-shot classification accuracy N~ 3 iep Z
of CLIP ViT-B/32 evaluated on the full test sets of the LAION CLIP benchmark
tasks. We construct Z using the predictions of CLIP with ViT-B/32 as backbones.
Dashed lines correspond to the relative efficiencies of 1 (highest line), 0.75, and 0.5
(lowest). In tasks where the model achieves higher classification accuracy, it also tends
to have higher relative efficiency. The right panel shows the allocation of the annota-
tion budget to each stratum through proportional and optimal (ideal based on Sz, and
actual based on S 55, allocations across three datasets. In practice, Neyman allocation
provides efficiency gains over proportional allocation only on Stanford Cars.

Characterizing the Efficiency Gains. The empirical results presented so far indi-
cate that the efficiency gains of the DF estimator and the stratified designs
over the naive average of a completely random subset of data (i.e., HT under
SRS) vary significantly across tasks. To determine when we can expect the
largest gains, we turn to our theoretical analysis. In Sect. 3.3, we have shown
that larger efficiency gains for the DF estimator should be expected when the
MSE of Z relative to Vargs(fur) o 0p(1 — 6p) is low or similarly when
Ep[Varp(Z | X)] < Varp(Z | X) in Proposition 3. Note that classifiers with the
same VarSRS(GHT) can have very different accuracy (e.g., 09 = 0.2 vs. 01) =0.8)
and classifiers with higher accuracy often achieve lower MSE, which will be
associated with larger efficiency gains of DF over HT under SRS. This observation
is confirmed by Fig.3, where we observe that Varggs(fyr) is similar on Dmlab
Frames and Stanford Cars, but f achieves higher accuracy on the latter and also
HT under SRS yields more precise estimates of fp. It is worth noting that this
argument may not always hold, as a classifier’s high accuracy may be explained
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by extreme class imbalance. Nevertheless, in the tasks we have examined, this
observation generally holds. Efficiency gains of DF over HT under SRS are inher-
ently tied to those of SSRS with proportional allocation, so similar arguments
hold for that sampling design. We also mentioned in Sect. 3.1 that Neyman allo-
cation may not yield sizable gains over proportional if the Sz,’s (i) are similar
across strata or (ii) are poorly estimated. Figure 3 shows two examples of (i) and
(ii), as well as an example where Neyman allocation leads to large gains. On
Dmlab Frames, (i) occurs: The distributions of Z conditional on Z = 0,1 mostly
overlap, hence proportional and Neyman allocation are similar. On Pascal VOC
2007, we observe (ii): Neyman allocates too little budget to the stratum where Z
is close to 1, which has considerable variability. Lastly, on Stanford Cars, Ney-
man allocation leads to a large gain, as the proportional allocation allocates too
much budget to high values of Z, even though the model makes few errors in
that region (i.e., mostly Z = 1).

5 Discussion

In this paper, we have investigated methods to evaluate the predictive perfor-
mance of a machine learning model on large datasets on which only a limited
amount of data can be labeled. Our findings show that, when good predictions of
the model’s performance are available, stratified sampling strategies and model-
assisted estimators can provide more precise estimates compared to the tradi-
tional approach of naive averaging on a data subset obtained via SRS.

Main Tokeaway. We recommend that, when selecting a data subset to annotate,
CV practitioners always use stratified sampling strategies (SSRS) with propor-
tional allocation, running k-means on the proxy Z of model performance Z
(Sect. 3.2). The more strata one can form, the higher the precision of the esti-
mates will likely be. When the proxy 7 is well calibrated, Neyman allocation
may also be used and may lead to additional efficiency gains (Sect.3.1). If a
data subset has already been obtained via SRS, then one can still leverage the DF
estimator to increase the precision of the estimates (Sect. 3.3). If there is uncer-
tainty about the quality of the proxy, the method recently proposed by [2] can
be applied to adjust the extent to which the estimator relies on the proxy.

Beyond that, it is important to understand the efficiency of these estima-
tors on out-of-distribution data. In this setting, the proxy Z may be a poor
predictor of model performance Z and consequently, the gains of SSRS with pro-
portional allocation or DF under SRS relative to HT under SRS may be limited.
These findings suggest that incorporating calibration techniques (of models and
estimators) [82,102] along with sequential sampling [105] may lead to additional
improvements in the evaluation of model performance.
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