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Abstract

Recent work has shown that the accuracy of machine

learning models can vary substantially when evaluated on a

distribution that even slightly differs from that of the train-

ing data. As a result, predicting model performance on pre-

viously unseen distributions without access to labeled data

is an important challenge with implications for increasing

the reliability of machine learning models. In the context of

distribution shift, distance measures are often used to adapt

models and improve their performance on new domains,

however accuracy estimation is seldom explored in these

investigations. Our investigation determines that common

distributional distances such as Frechet distance or Maxi-

mum Mean Discrepancy, fail to induce reliable estimates of

performance under distribution shift. On the other hand,

we find that our proposed difference of confidences (DoC)

approach yields successful estimates of a classifier’s perfor-

mance over a variety of shifts and model architectures. De-

spite its simplicity, we observe that DoC outperforms other

methods across synthetic, natural, and adversarial distribu-

tion shifts, reducing error by (> 46%) on several realistic

and challenging datasets such as ImageNet-Vid-Robust and

ImageNet-Rendition.

1. Introduction

Even under the best of conditions, machine learning

models are still susceptible to large variations in perfor-

mance whenever the test data does not come from the same

distribution as the training data. For instance, recent dataset

replication studies have shown that despite concerted efforts

to closely mirror the data generating process of the training

set, model accuracy still changed substantially on the new

test sets [43, 63, 37]. Machine learning models deployed in

*equal contribution

Figure 1: The average confidence (AC) over a distribu-

tion is a natural predictor of a model’s accuracy. Mod-

els are often poorly calibrated, and while AC provides an

overly optimistic prediction of accuracy, the difference of

confidences (DoC) between distributions provides a use-

ful estimate of accuracy changes. (Left) Confidence his-

tograms of a ResNet-101 over the ImageNet validation

set and ImageNet-Sketch. Average confidences (AC) are

higher than the corresponding accuracies. Our method, dif-

ference of confidences (DoC) can be computed from AC

over the validation set and ImageNet-Sketch. (Right) shows

the average confidences (AC) as predictors of accuracy over

various natural distribution shifts, contrasted with differ-

ence of confidences (DoC). DoC consistently improves

over the baseline.

real-world environments invariably encounter different data

distributions. Hence reliable estimates of how well a model

will perform on a new test set are critical. For instance, if

a practitioner wants to use an X-ray classifier on data from

a new hospital, they require a good estimate of their clas-

sifier’s performance on this previously unseen distribution

to have confidence in the results. In some settings it maybe
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prohibitively costly to acquire new labeled data each time a

model encounters a distribution shift. In order to mitigate

the consequences of unexpected performance changes, we

explore how to best predict changes in a model’s accuracy

when we only have access to unlabeled data.

We investigate the underexplored problem of Automatic

model Evaluation [8] over various model architectures and

forms of natural and synthetic distribution shift. Distribu-

tional distances such as Frechet distance [24, 65, 8], Max-

imum Mean Discrepancy (MMD) [2] , and discriminative

discrepancy [1, 11, 13], which are common tools for align-

ment in domain adaptation, are evaluated as features in a

regression model for predicting accuracy on unseen distri-

butions. Recognizing the relationship of this problem with

that of predictive uncertainty, we also evaluate the utility of

model confidences and entropy at predicting accuracy.

Learning our regression models over a set of synthetic

distribution shifts, we show that common distributional dis-

tances fail to reliably predict accuracy changes on natural

distribution shifts. While most approaches are able to en-

code useful information about held-out forms of synthetic

distribution shift, they do not produce useful encodings for

natural distribution shifts, where a regression-free average

confidence baseline AC outperforms them.

Surprisingly, however, we discover that a substantial

amount of information about both synthetic and natural dis-

tribution shifts is encoded in the difference of confidences

(DoC) of the classifier’s predictions between the base (i.e.,

training) distribution and the previously unseen target distri-

bution. In Figure 1, we show how DoC can be directly used

to estimate the accuracy gap between base and target distri-

butions. Treating DoC as a feature, we obtain regression

models which substantially outperform all other methods

and reduce predictive error by nearly half (46%) across all

challenging natural distribution shifts such as the ImageNet-

VidRobust [49] and ImageNet-Rendition [18] datasets. Our

work demonstrates that it is possible to attain high quality

estimates of a model’s accuracy across a variety of model

architectures and types of distributions shifts.

2. Related Work

Our work touches on multiple related lines of research

that have seen substantial activity over the past few years.

Hence we only summarize the most closely related work in

this section.

Domain Adaptation. In the domain adaptation literature,

distributional distances are frequently defined and subse-

quently minimized to improve model performance. Notable

works in this vein define discriminative distances [11, 56],

transport distances [5, 6, 35], confusion distances [57], and

entropic minimizations [58, 48]. Some of these works at-

tempt to bound the degradation of model performance due

to distribution shift [1, 4], based on an assumption of covari-

Figure 2: Illustration of our proposed method. In order to

estimate a model F ’s accuracy on a previously unseen and

unlabeled target distribution T , we feed examples from the

base distribution B (usually the training distribution) and

the target distribution T into a featurizer F 0. In the calibra-

tion stage, we first compute a distributional difference, S,

from the outputs of F 0 on various calibration sets and learn

a regressor R which predicts the difference in model accura-

cies from the distributional difference, i.e., ∆Acc = R(S).
When we later encounter a new unlabeled target set, we

again compute the distributional difference and then use

the learned regressor to estimate the accuracy difference.

Adding the estimated accuracy difference to the accuracy

on the base distribution B then yields the estimated accu-

racy on the target distribution T . This setup enables us to

both accurately predict performance over unseen distribu-

tion shifts, and to better understand the quality of various

distributional differences.

ate shift [50]. These approaches focus on measures of distri-

bution difference, yet they seldom investigate questions of

predicting accuracy or calibration. Through test-time adap-

tation, [38] have noted calibration improvements, but this

comes at the expense of degraded model performance on

natural distribution shifts.

Calibration. Calibrating large DNNs is an active area of re-

search with methods focused on post-hoc calibration [15],

encoding uncertainty [10, 34, 60, 25, 46], and training in-

terventions [22, 20, 18] dominating the field. However, a

large-scale evaluation of calibration over natural distribu-

tion shifts showed that these methods seldom exhibit de-

sired calibration performance in the presence of distribution

shifts [39]. Research in calibration focuses on instance-

level evaluation of models’ predictive uncertainty, while

our accuracy prediction task is focused on aggregate per-

formance over an entire test set.

Natural Distribution Shift. Several works in recent years

have examined the problem of natural distribution shift,

roughly divided into two camps. One line of work, Do-

main Generalization, has focused on the problem of learn-

ing models that adapt well to various forms of distribution

shift [55, 31, 40, 14, 54]. These works establish datasets
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consisting of multiple distinct distributions where some of

the distributions could be used for training a model and oth-

ers for testing it.

Another line of work, Robust Classification, has focused

on assuming one training distribution and evaluating or im-

proving performance over a set of specific types of distribu-

tion shifts [49, 43, 18, 23, 53]. We blend both lines of work,

as we assume training happens with only one training distri-

bution, yet we allow for multiple subsets of the distributions

to be used for calibrating the model and evaluating perfor-

mance. Several recent works have explored the question of

model evaluation with [65, 8] using Frechet Distance and

[7] using rotation prediction to encode shift, however these

approaches struggle to predict generalization gaps on nat-

ural distribution shifts. [3] explores the problem from an

importance weighting and density estimation perspective,

in contrast to the distribution distance and calibration based

investigation done in this work. We plan to incorporate ex-

periments based in this work into an updated version of this

paper and evaluate over the variety of shifts explored in this

paper.

Predicting Generalization Gaps in Deep Learning. Sev-

eral recent works [28, 29] have explored empirical and the-

oretical methods to predict the generalization gap of deep

learning models, i.e., the gap between training and test ac-

curacy. These methods focus on identifying characteristics

of the model and relationship between the model and train-

ing distribution, which can be used to predict the generaliza-

tion gap on unseen examples in the test distribution. Since

these methods assume that the training and test distributions

are the same, they do not incorporate characteristics of the

test distribution and do not have a mechanism for adjusting

their predicted generalization gaps under distribution shifts.

So when used in our setting with distribution shift, these

methods would only predict a single accuracy regardless of

the specific test set and hence underperform on the task of

predicting accuracy under distribution shift.

3. Baseline Distance Measures

We let F represent a model and F (x) represent the out-

put probabilities of F over instance x. We are interested in

estimating the accuracy of F over an arbitrary target distri-

bution T as computed over test samples comprising dataset

T . We also assume the model F is trained over distribution

B, whose accuracy can be computed over samples compris-

ing the held-out test dataset B. As some of the distribution

shift settings also contain changes in the label space, we de-

fine KB as the set of labels present in B and KB\T as the

intersection of labels present in B and T . BB\T is the set

of points in B whose labels are in KB\T . We are inter-

ested in predicting either the accuracy, AB
T = Acc(TT\B),

or the accuracy gap, ∆Acc(B, T ) = Acc(BB\T ) � AB
T ,

on unseen distributions. Given access to our models accu-

racy over the base distribution, AT
B , predicting either AB

T

or ∆Acc(B, T ) would allow us to recover the other term.

Some methods directly predict accuracy while others pre-

dict the accuracy gap; this is further specified in supple-

mentary materials. To enable fair comparisons, we evaluate

all approaches on their ability to predict accuracy and apply

the AT
B + ∆Acc(B, T ) transformation before evaluation.

For readablity, B0 and T 0 will be used to represent BB\T

and TT\B respectively.

We focus on computing a measure of distance SB0,T 0 be-

tween B0 and T 0 which would allow us to use a regression

model R to predict ÂB
T = R(SB0,T 0). Our measures of dis-

tance, S, are computed based on a featurizer, F 0, associated

with the classification model F . F 0 may represent any fea-

tures that can be extracted from the model; most commonly

these are activations from the penultimate layer of the net-

work, but alternatively they may be logits, probabilities, or

the activations from convolutional layers. Unless explicitly

stated, all F 0 in this work deal with the penultimate layers

of a deep neural network (DNN). Given base B and target T

datasets, we let SB,T = M(B, T, F 0) where M can be any

function that returns a scalar SB,T based on B, T, and, F 0.

The measures of distance we explore in this work are

commonly used in domain adaptation literature. A large

number of works in domain adaption look into the theoreti-

cal and practical benefits of minimizing discriminative dis-

tances on new domains [11, 1, 4, 56]. We train domain dis-

criminators and look at both their final AUC, and A-proxy

[1] distances on held-out test samples. Prior works explore

Frechet distance [65, 8] as a useful measure for predicting

accuracy and as such we include it in our analysis. We also

evaluate Maximum Mean Discrepancy (MMD) [2], which

is commonly used in domain adaptation methods [57] and

has even been shown to be correlated with target domain

accuracy [57, 36]. The pretext task of predicting which of 4

(0�, 90�, 180�, 270�) rotations has been applied to an image

has been useful in self-supervised learning, adaptation, gen-

eralization, and even predicting generalization on unseen

shifts. Our Rotation prediction approach mirrors that of

concurrent work [7], however we treat the model represen-

tations as fixed and do not update weights to help solve the

rotation task. More details behind each of these approaches

are provided in the supplementary material.

Predicting Accuracy. In order to learn our regression

model R and evaluate its performance over novel shifts, we

establish data groupings C and V for calibration and valida-

tion, respectively. Our regression model, R, is trained over

the accuracy gaps ∆Acc(B, T ) and measures of difference

S present in the calibration grouping C. We train R to min-

imize Mean Squared Error (MSE) with the accuracy gap as

the target, as specified below:
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X

T2C

kR(SB,T )�∆Acc(B, T )k2
2
. (1)

We assess the quality of our regression model over the

validation data grouping V to understand how it general-

izes to unseen shifts. Our primary experiments are done

using linear regression to learn R, and the experiments with

non-linear regression models in the supplementary materi-

als follow the same trends as the linear models. The entire

prediction pipeline is illustrated in Figure 2.

4. Predicting Performance with Difference of

Confidences

A perfectly calibrated model is defined as follows with

P̂ = max(F (x)) corresponding to the predicted confidence

and Ŷ = argmax(F (x)) corresponding to predicted label:

P (Ŷ = Y |P̂ = p) = p, 8 p 2 [0, 1] . (2)

Thus for a perfectly-calibrated model, the expected value

of the model’s confidence over a distribution should corre-

spond to the model’s accuracy over this distribution:

E[P̂ ] = E[Ŷ = Y ] = Acc (3)

However, prior work establishes that modern neural net-

works are often miscalibrated [15, 39]; they also show that

the average confidences of these models differ from the

model’s accuracy over the respective distributions. The av-

erage confidence (AC) for F on B is defined as follows:

ACB =
1

|B|

X

x2B

max
{KB}

(F (x)) . (4)

Average confidence is used as a baseline to directly es-

timate accuracy on an unseen distribution. While aver-

age confidence alone proves an unreliable estimate of ac-

curacy, we show here that the difference of confidences

(DoC) is informative over various forms of distribution

shift. This allows for accurate predictions of model perfor-

mance on challenging domains. As the average confidence

is directly related to calibration, we also report results av-

erage confidence after performing temperature scaling on

the ImageNet-Validation dataset as described in [15] as AC

TempScaling.

Given the definition of M above, difference of confi-

dences DoC and average confidences AC can be computed

based on a featurization F 0 of the probabilities of the model.

As some of the distribution shifts we explore also change

the label space, we need to consider the average confidence

with respect to classes present in both T and B, as KB\T .

We calculate average confidence over instances of B0 which

contains classes present in the KB\T :

ACT
B =

1

|B0|

X

x2B0

max
{KB\T }

(F (x)) . (5)

We propose difference of confidences DoC as a way to

quantify distribution shifts:

DoCB,T = ACT
B �ACB

T . (6)

We show that this simple strategy encodes useful informa-

tion about distribution shift that can lead to successful pre-

dictions of accuracy changes.

As our proposed measure, DoC, is a summarizing func-

tion of the probabilities of our model F , we also report a

variant of our method with difference of average entropy

of a model’s output probabilities. Entropy may be used as a

measure of uncertainty in its own right and [58] show a pos-

itive correlation between entropy and accuracy of batches of

data. We define average entropy as:

EntTB = �
1

|B0|

X

x2B0

�

X

{KB\T }

F (x)log(F (x))
�

(7)

and difference of average entropy (DoE) as:

DoEB,T = EntTB � EntBT . (8)

As seen below, our empirical results suggest that DoE

shares characteristics with DoC which allows it outperform

other baselines on predicting natural shifts, yet it does not

perform as well as DoC reducing prediction error. We eval-

uate both DoE and DoC as features encoding the magni-

tude of distribution shift and show they both exceed perfor-

mance of other well-known approaches described in Section

3.

5. Experiments

Using DNNs trained on ImageNet [47], we evaluate our

ability to predict performance on unseen distributions. This

popular large-scale dataset is frequently used as a source

for models to be used on different distributions [32, 27], as

such it is important to better understand how these mod-

els perform in the presence of distribution shift. Using Im-

ageNet as the base dataset, B, allows us to easily access

several pre-trained models with various architectures, train-

ing curriculum, data augmentations, and calibrations. Addi-

tionally, there has been significant recent work [43, 19, 53]

on assessing model performance on related datasets which

introduce distribution shifts and share class labels with Im-

ageNet.

Natural Shifts. Through our empirical evaluation, we ex-

amine the impact of both natural and synthetic distribution

shifts. For the purposes of this study, we define natural

shifts to be shifts caused by how the data was collected and

synthetic shifts as those that can be induced by program-

matic alterations applied to the input images. Specifically,

we look at ImageNet-V2 [43], ImageNet-VidRobust [49],

ImageNet-Rendition [18], ImageNet-Sketch [59]. These
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Table 1: Mean Accuracy Gaps of Distribution Groupings

Model Natural Synthetic ImageNet-A

AlexNet 0.25 0.36 0.74

VGG-19 0.26 0.42 0.87

RN-18 0.24 0.37 0.86

RN-34 0.24 0.35 0.88

RN-50 0.25 0.37 0.918

RN-101 0.23 0.33 0.88

RN-152 0.22 0.32 0.87

RNxt-101 0.22 0.32 0.84

WRN-101 0.22 0.33 0.86

Deepaug 0.217 0.26 0.89

AM 0.23 0.29 0.89

AM-Deepaug 0.20 0.20 0.88

All Models 0.23 0.33 0.87

Shows the predicted accuracy error of the models if we rely

on accuracy on the base distribution (Base Acc) to evaluate

model performance. This optimistic form of model evalu-

ation can be referenced as a naive baseline of the error we

seek to reduce throughout this work.

settings introduce various types and intensities of distribu-

tion shifts, over which it is desirable for our models to re-

main well-behaved. In addition to the above stated natu-

ral distribution shifts, we also examine performance over

ImageNet-Adversarial [23], a distribution that contains nat-

ural images, yet they were collected in manner that is ex-

plicitly designed to hurt performance on ImageNet classi-

fication models. This dataset blends adversarial robustness

and natural distribution shift, as such it is examined sepa-

rately from the other natural datasets which are explained

in more detail in the supplementary material.

Synthetic Shifts. Synthetic distribution shifts provide a

compelling way for us to investigate model performance

under distribution shift as they are controllable in both style

of perturbation and intensity of corruption. Yet, since the

cause of the shift in these distributions does not naturally

arise from our data collection processes, there is a risk

that methods which successfully tackle synthetic distribu-

tion shift may not prove useful in the more challenging and

realistic natural distribution shift setting. We examine the

common synthetic corruptions and perturbations present in

ImageNet-C [19].

Approaches. Throughout this work we title our approaches

based upon the function they use to compute distribution

similarity. Frechet, Disc. AUC, Disc A-proxy, Rotation,

MMD, DoE, and DoE are the titles for approaches which

predict accuracy gap, ∆(Acc), by training a linear regres-

sion model R on top of their difference quantification S.

The approaches AC, DoC-Feat, and AC TempScaling di-

rectly estimate accuracy themselves and do not use a regres-

sion model.

Models. In order to ensure that our approach is not sensi-

tive to certain model architectures, data augmentations, or

training schemes we evaluate over a range of models with

distinct training pipelines and various accuracy and robust-

ness characteristics. Models explored include AlexNet [33],

VGG [51], ResNet [16], ResNext [62], WideResNet [64],

DenseNet [26], and Deep Ensembles [34], AugMix [22],

DeepAugment [18]. In Table 1 we present the accuracies

of these models on the natural distribution shifts described

above. The results we present when comparing approaches

are average results across all of the aforementioned model

architectures, unless specified. Details on the exact exper-

imental setup can be found in supplementary material; in-

cluding architectural variants and training schemes for mod-

els and calibration.

Data Groupings. We take special care to ensure that our

ability to predict performance on unseen distributions is not

corrupted by any form of information leakage [30]. Or-

dering our distribution shifts into three distinct groups, two

synthetic and one natural, allows us to minimize shared in-

formation between data groups and ensure that the unseen

shifts in our validation group are unseen in both style and

magnitude of shift. Some of our target distribution shifts

share similarities with one another which could advantage

an accuracy predictor which was exposed to similar distri-

bution shift at calibration time. To mitigate this we place

all shifts with known similarities into the same data group,

so that our validation shifts share little in common with our

calibration shifts and gives a more faithful measure of an

approach’s ability to generalize.

Our work’s chief concern is the ability to predict natural

distribution shifts, and as such focuses on settings with syn-

thetic calibration and natural validation datasets. We detail

the types of shifts and corruptions contained in each group-

ing in the supplementary material and present ablation stud-

ies on the impact of different calibration groupings there as

well.

5.1. Results

Learning models that transfer well from synthetic to nat-

ural environments (Syn2Real) [45, 41, 9] is appealing due to

the relative ease of creating more synthetic data. As such we

conduct the majority of our experiments in challenging set-

ting of calibrating over synthetic shifts and predicting per-

formance on natural distribution shifts.

Synthetic to Natural. In Figure 3, we present the results

of 10 different approaches for predicting model accuracy

over 6 different natural distribution shifts with 12 distinct

neural network architectures. We visualize the results with

mean absolute error (MAE) and confidence intervals in the

main paper, and present scatter plots of the data points in
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Figure 3: On the challenging and important task of pre-

dicting performance over natural distribution shifts with ex-

posure only to synthetic shifts, our approach DoC outper-

forms all alternatives on predicting accuracy. Traditional

distance metrics, such as Frechet distance and A-Proxy dis-

tance perform worse than the AC baseline when calibrated

over synthetic shifts.

the supplementary materials. Across these various distri-

bution shifts and ImageNet models, we find that the three

approaches proposed in our work, (DoC, DoC-Feat, and

DoE), are not only the best performing approaches but

are also the only approaches to outperform the AC base-

line. With a MAE of 0.092± 0.019, AC outperforms most

prior measures of difference explored in this work with only

MMD (0.10 ± 0.018) having substantial overlap. Our best

performing approach, DoC, reduces MAE by > 45%, with

an average error in accuracy prediction of only 5.0± 0.010.

DoE and DoC-Feat perform comparably to one another,

0.075±0.015 and 0.072±0.016 respectively, despite DoE

leveraging the additional information from the calibration

datasets and DoC-Feat not using any regression model. In-

terestingly, though DoE and DoC operate over the same

featurization F 0, output probabilities, DoC significantly

outperforms its entropy-based counterpart through discard-

ing all non-maximum probabilities. Table 1 shows a MAE

of 0.23 over the natural data grouping if one assumes there

was no accuracy gap or equivalently estimates target accu-

racy from Base Acc. When calibrated over synthetic distri-

bution shifts, A-proxy [11] and Discriminative AUC do not

significantly improve on this naive baseline.

In addition to understanding which approaches work best

overall, we are also interested in understanding which, if

any, situations our approach fails to improve performance.

In Figure 4, we examine average error over all mod-

els for the baseline AC and our best performing approach

DoC over each dataset of natural distribution shift. We see

that for some distributions, Vid Robust and V2 Top, AC

Figure 4: Expanding the results of figure 3 we observe that

baseline accuracy AC varies significantly over different nat-

ural distribution shifts, with datasets not exclusively com-

posed of natural photography images producing the high-

est error. However, DoC significantly reduces error across

each shift by nearly 50%.

does a good job at predicting model accuracy with < 5%
error. Other distribution shifts, ImageNet-Rendition and

ImageNet-Sketch, the baseline has a much higher magni-

tude of error. Encouragingly our approach DoC reduces

error by close to 50% across each form of natural distri-

bution shift. The results from Figure 4 indicate that it is

harder to predict accuracy in the face of certain forms of

distribution shift; even after calibration the best average er-

ror for ImageNet-Sketch, and ImageNet-Rendition datasets

is still higher than the baseline AC error on the remain-

ing distributions. It is worth noting that not all images in

ImageNet-Rendition and Sketch are natural photos which

may present a more challenging form of shift than the other

datasets which are comprised exclusively of natural photog-

raphy.

Model Specific Performance. In Figure 5, we examine

how our approach performs on natural distributions for each

model architecture and see that DoC improves performance

for every model variant except Augmix-DeepAugment

(AM-DeepAug). Furthermore, we observe a steep decline

in the magnitude of improvement offered from our DoC ap-

proach as it is evaluated over models which incorporate syn-

thetic corruptions into the training process (Augmix, AM-

DeepAugment). As we do not replicated the corruptions

present in the Augmix training process when comparing be-

tween the B base dataset and the calibration datasets C, it

is likely that our measured distances with respect to these

models are off as a result. For all models not trained with

these robustness interventions, our DoC significantly im-

proves the ability to predict accuracy over unseen natural

distribution shifts.
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Figure 5: When evaluated over natural distribution shifts

DoC consistently improve performance over each specific

model type, with the exception of those trained using Aug-

mix. Models trained with Augmix are designed to combat

synthetic corruptions thus calibrating on synthetic corrup-

tions may harm results.

Synthetic to Synthetic. Using the same setup as in the nat-

ural to synthetic analysis, in Figure 6 we evaluate our ap-

proaches over novel synthetic shifts. Unlike the synthetic to

natural setting all approaches studied substantially improve

on the 0.33 MAE of the base accuracy method shown in Ta-

ble 1. Furthermore, most approaches outperform the base-

line of AC, MAE (0.076 ± 0.017), with the sole exception

being Rotation Prediction, MAE (0.093 ± 0.019). Frechet

Distance and DoC are the best performing approaches with

near identical MAE of 0.039± 0.007. These best perform-

ing approaches yield a 49% reduction in relative error from

the AC baseline and an 88% reduction in error from the

base accuracy method.

As the majority of the distance metrics explored in this

work overlap significantly on the synthetic to synthetic pre-

diction task and noticeably reduce errors in predicted accu-

racy, studying this form of shift alone may not lead to the

insight that DoC methods generalize much better than their

competitors when the style of distribution shift changes rad-

ically. The observation that metrics which reduce error for

synthetic shifts, may have an inverse relationship with nat-

ural distribution shifts is worth highlighting and better un-

derstanding, as it could either indicate that these methods

primarily encode information useful for synthetic shifts, or

that the calibrating on synthetic data does not allow them to

learn useful mappings over natural distribution settings.

While DoC improves upon the AC baseline for each

form of natural distribution shift, we note that in 2 of the 8

synthetic shifts explored (Defocus Blur and Gaussian Blur)

DoC actually decreases the accuracy of the predictions.

These results are presented in the supplementary material

Figure 6: When calibrated with exposure to one set of syn-

thetic shifts, all of the approaches substantially reduce the

base accuracy MAE of 0.33 shown in Table 1, when pre-

dicting on a held out set of synthetic shifts. Furthermore,

with the exception of rotation prediction, all approaches

outperform the AC baseline for predicting performance un-

der synthetic distribution shifts. While, DoC and Frechet

distance are the best performing approaches in this setting,

most approaches are similarly able to predict accuracy over

these synthetic shifts.

and merit further investigation.

Adversarial Distribution Shift. ImageNet-A [23] pro-

duces a uniquely challenging scenario for our approaches.

The dataset was designed in an adversarial manner with

knowledge of the predictions of an ImageNet classifier,

however, unlike many other adversarial tasks, it is com-

posed of non-perturbed images. In Figure 7, we observe

that this distribution shift produces the highest predicted ac-

curacy error of shifts we have studied across all approaches.

In this setting, our approach DoC, MAE 0.389 ± 0.027,

is the only approach able to noticeably reduce error from

the AC baseline, MAE 0.476 ± 0.024. Whereas DoE and

DoC-Feat perform comparably with the AC baseline, all

of the other approaches significantly increase predicted er-

ror on this task.

In Figure 8, we look at the results of the various ap-

proaches when calibrated over the set of natural distribu-

tion shifts. In this setting, our results show DoE and DoC

are the only encodings which outperform the AC baseline,

with errors of 0.371 ± 0.033 and 0.293 ± 0.024 respec-

tively. When comparing these results to those shown in

Figure 7, we see that both DoC and DoE noticeably im-

prove in their ability to predict accuracy on this distinctly

challenging form of distribution shift. While all approaches

which use the natural calibration make gains in their pre-

diction accuracy, they still are significantly worse than the

AC baseline. This both illustrates the importance of cal-
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ibrating and evaluating over natural distribution shifts and

highlights some limitations of these approaches at encoding

this difference.

Figure 7: As ImageNet-A was adversarially designed, it

presents a distinctly challenging scenario for predicting

model accuracy. DoC is the only approach to significantly

improve upon the AC baseline when calibrated over syn-

thetic shifts, yet it still much room to improve with a high

MAE of 0.389± 0.027.

Figure 8: Calibrating over natural distribution shifts im-

proves the performance of all approaches of their ability to

predict ImageNet-A accuracy compared to Figure 7. DoE

and DoC now improve upon baseline AC performance and

improve on their prior performance by 29% and 25% re-

spectively, highlighting the impact of calibration groupings

on predicting accuracy.

Resnets vs Deep Ensembles. Large-scale studies on pre-

dictive uncertainty with regards to distribution shifts [39]

have identified Deep Ensembles [34] as the state of the art

in this space. In Figure 9, we show that our post-hoc cal-

ibration approach, DoC, can enable a single ResNet-101

model to outperform the more costly Res-Ensemble model,

Figure 9: We ompare our method DoC approaches with

ResNet-Ensemble, established in [39] as best perform-

ing over distribution shifts. ResNet101 is compared with

ResNet-Ensemble over natural and synthetic distribution

shifts and we show that DoC based approaches on a simple

Resnet-101 outperform a deep ensemble.

defined in supplementary materials, at predicting accuracy

on natural and synthetic unseen distributions. We also show

that DoC can be applied to Deep Ensembles to further im-

prove their performance.

6. Conclusion

We study the problem of predicting performance change

under distribution shift. We find that a simple method, dif-

ference of classifier confidences (DoC), accurately predicts

the performance change on a wide array of both natural and

synthetic distribution shifts. The simplicity of DoC and

variants introduced in this paper presents a sobering view

on the problem of accuracy prediction, echoing the findings

of [39]: many methods explicitly designed for uncertainty

prediction seem to fall short of simpler baselines.

While our results present a promising step forward for

detecting performance drop under distribution shift, we note

that the problem is far from solved. Furthermore, the issue

of reducing the performance drop remains completely open.

In this vein we highlight one avenue of future research:

Robust Dataset Construction. Recent work has shown

that models trained on orders of magnitude more data can

make significant gains in robustness to distribution shift

[42, 61, 53]. Constructing such large datasets can be dif-

ficult and expensive, but DoC could act as a potential fil-

tering mechanism for focusing data collection on difficult

sub-distributions.

We hope that our findings can lay the groundwork for

future research on both detecting and reducing performance

drops induced by distribution shifts.
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